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CHAPTER 1

User Guide

Release 1.1.0
Date July 04, 2018, 16:27 PDT

1.1 Download and install

This page covers the necessary steps to install Nipype.

1.1.1 Using docker

To get started using Docker, you can follow the Nipype tutorial, or pull the nipype/nipype image from Docker
hub:

docker pull nipype/nipype

You may also build custom docker containers with specific versions of software using Neurodocker (see the
Neurodocker tutorial).

1.1.2 Using conda

Installing nipype from the conda-forge channel can be achieved by:

conda install —--channel conda-forge nipype

It is possible to list all of the versions of nipype available on your platform with:

conda search nipype --channel conda-forge

For more information, please see https://github.com/conda-forge/nipype-feedstock

1.1.3 Using Pypi

The installation process is similar to other Python packages.
If you already have a Python environment set up, you can do:

pip install nipype

If you want to install all the optional features of nipype, use the following command:
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pip install nipypelall]

While all installs everything, one can also install select components as listed below:

'doc': ['Sphinx>=1.4"', 'matplotlib', 'pydotplus', 'pydot>=1.2.3'],
'tests': ['pytest-cov', 'codecov'],

'nipy': ['nitime', 'nilearn', 'dipy', 'nipy', 'matplotlib'],
'profiler': ['psutil'],

'duecredit': ['duecredit'],

'xvfbwrapper': ['xvfbwrapper'],

1.1.4 Debian and Ubuntu

Add the NeuroDebian repository and install the python-nipype package using apt—get or your favorite
package manager.

1.1.5 Mac OS X

The easiest way to get nipype running on Mac OS X is to install Miniconda and follow the instructions above.
If you have a non-conda environment you can install nipype by typing:

pip install nipype

Note that the above procedure may require availability of gcc on your system path to compile the traits package.

1.1.6 From source

The most recent release is found here: https://github.com/nipy/nipype/releases/latest.

The development version: [zip tar.gz]

For previous versions: prior downloads

If you downloaded the source distribution named something like nipype—-x.y.tar.qgz, then unpack the
tarball, change into the nipype-x .y directory and install nipype using:

pip install

Note: Depending on permissions you may need to use sudo.

Testing the install

The best way to test the install is checking nipype’s version and then running the tests:

"

python -c "import nipype; print (nipype._ _version_ )
python -c "import nipype; nipype.test ()"

1.1.7 Interface Dependencies

Nipype provides wrappers around many neuroimaging tools and contains some algorithms. These tools will
need to be installed for Nipype to run. You can create containers with different versions of these tools installed
using Neurodocker (see the Neurodocker tutorial).

Installation for developers

Developers should start here.
Developers can also use this docker container: docker pull nipype/nipype:master
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1.2 Neurodocker tutorial

This page covers the steps to create containers with Neurodocker.
Neurodocker is a command-line program that enables users to generate Docker containers that include neu-
roimaging software. These containers can be converted to Singularity containers for use in high-performance
computing centers.
Requirements:

* Docker

* Internet connection

1.2.1 Usage

To view the Neurodocker help message

docker run --rm kaczmarj/neurodocker:v0.3.2 generate —-help

1. Users must specify a base Docker image and the package manager. Any Docker image on DockerHub
can be used as your base image. Common base images include debian:stretch, ubuntu:16.04,
centos:7, and the various neurodebian images. If users would like to install software from the
NeuroDebian repositories, it is recommended to use a neurodebian base image. The package manager
is apt or yum, depending on the base image.

2. Next, users should configure the container to fit their needs. This includes installing neuroimaging soft-
ware, installing packages from the chosen package manager, installing Python and Python packages, copy-
ing files from the local machine into the container, and other operations. The list of supported neuroimag-
ing software packages is available in the neurodocker help message.

3. The neurodocker command will generate a Dockerfile. This Dockerfile can be used to build a Docker
image with the docker build command.

1.2.2 Create a Dockerfile with FSL, Python 3.6, and Nipype

This command prints a Dockerfile (the specification for a Docker image) to the terminal.

$ docker run —--rm kaczmarj/neurodocker:v0.3.2 generate \
—--base debian:stretch --pkg-manager apt \
——-fsl version=5.0.10 \
—-miniconda env_name=neuro \
conda_install="python=3.6 traits" \
pip_install="nipype"

1.2.3 Build the Docker image

The Dockerfile can be saved and used to build the Docker image

$ docker run --rm kaczmarj/neurodocker:v0.3.2 generate \
—-base debian:stretch —--pkg-manager apt \
-—fsl version=5.0.10 \
—-miniconda env_name=neuro \
conda_install="python=3.6 traits" \
pip_install="nipype" > Dockerfile
$ docker build --tag my_image
# or
$ docker build --tag my_image - < Dockerfile

U

1.2.4 Use NeuroDebian

This example installs AFNI and ANTs from the NeuroDebian repositories. It also installs git and vim.
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$ docker run --rm kaczmarj/neurodocker:v0.3.2 generate \
—-base neurodebian:stretch —--pkg-manager apt \
——install afni ants git vim

Note: the ——install option will install software using the package manager. Because the NeuroDebian
repositories are enabled in the chosen base image, AFNI and ANTs may be installed using the package manager.
git and vim are available in the default repositories.

1.2.5 Other examples

Create a container with dcm2niix, Nipype, and jupyter notebook. Install Miniconda as a non-root user, and
activate the Miniconda environment upon running the container.

$ docker run —--rm kaczmarj/neurodocker:v0.3.2 generate \
—--base centos:7 --pkg-manager yum \
—--dcm2niix version=master \
-—user neuro \
—--miniconda env_name=neuro conda_install="jupyter traits nipype" \
> Dockerfile
$ docker build --tag my_nipype - < Dockerfile

Copy local files into a container.

$ docker run —--rm kaczmarj/neurodocker:v0.3.2 generate \
—-base ubuntu:16.04 --pkg-manager apt \
—-—-copy relative/path/to/source.txt /absolute/path/to/destination.txt

1.3 Interface caching

This section details the interface-caching mechanism, exposed in the nipype . caching module.

1.3.1 Interface caching: why and how

¢ Pipelines (also called workflows) specify processing by an execution graph. This is useful because it opens
the door to dependency checking and enable i) to minimize recomputations, ii) to have the execution engine
transparently deal with intermediate file manipulations.
They however do not blend in well with arbitrary Python code, as they must rely on their own execution engine.
* Interfaces give fine control of the execution of each step with a thin wrapper on the underlying software. As a
result that can easily be inserted in Python code.
However, they force the user to specify explicit input and output file names and cannot do any caching.
This is why nipype exposes an intermediate mechanism, caching that provides transparent output file manage-
ment and caching within imperative Python code rather than a workflow.

1.3.2 A big picture view: using the Memory object

nipype caching relies on the Memory class: it creates an execution context that is bound to a disk cache:

>>> from nipype.caching import Memory
>>> mem = Memory (base_dir=".")

Note that the caching directory is a subdirectory called nipype_mem of the given base_dir. This is done to avoid
polluting the base director.

In the corresponding execution context, nipype interfaces can be turned into callables that can be used as func-
tions using the Memory. cache () method. For instance if we want to run the fslMerge command on a set of
files:
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>>> from nipype.interface import fsl
>>> fsl_merge = mem.cache (fsl.Merge)

Note that the Memory . cache () method takes interfaces classes, and not instances.

The resulting fsI_merge object can be applied as a function to parameters, that will form the inputs of the merge
fsl commands. Those inputs are given as keyword arguments, bearing the same name as the name in the inputs
specs of the interface. In IPython, you can also get the argument list by using the fsl_merge? synthax to inspect
the docs:

In [10]: fsl_merge?
String Form:PipeFunc (nipype.interfaces.fsl.utils.Merge, base_dir=/home/varoquau/
—dev/nipype/nipype/caching/nipype_mem)

Namespace: Interactive

File: /home/varoquau/dev/nipype/nipype/caching/memory.py
Definition: fsl_merge(self, =*xkwargs)

Docstring:

Use fslmerge to concatenate images

Mandatory:
dimension: dimension along which the file will be merged
in_files: None

Optional:

args: Additional parameters to the command

environ: Environment variables (default={})

ignore_exception: Print an error message instead of throwing an exception in case_
—the interface fails to run (default=False)

merged_file: None

output_type: FSL output type

merged_file: None
Class Docstring:

Thus fsi_merge is applied to parameters as such:

>>> results = fsl_merge(dimension='t', in_files=['a.nii.gz', 'b.nii.gz'])
INFO:workflow:Executing node faa7888f5955c961le5c6aa70cbd5¢c807 in dir: /home/
—varoquau/dev/nipype/nipype/caching/nipype_mem/nipype-interfaces-fsl-utils-Merge/
—~faa7888£5955c961e5c6aa70cbd5c807

INFO:workflow:Running: fslmerge -t /home/varoquau/dev/nipype/nipype/caching/
—nipype_mem/nipype-interfaces-fsl-utils-Merge/faa7888£5955c961le5c6aa70cbd5¢c807/a_
—merged.nii /home/varoquau/dev/nipype/nipype/caching/a.nii.gz /home/varoquau/dev/
—nipype/nipype/caching/b.nii.gz

The results are standard nipype nodes results. In particular, they expose an outputs attribute that carries all the
outputs of the process, as specified by the docs.

>>> results.outputs.merged_file
' /home/varoquau/dev/nipype/nipype/caching/nipype_mem/nipype-interfaces-fsl-utils-
—Merge/faa7888f5955c961e5c6aa70cbd5¢c807/a_merged.nii'

Finally, and most important, if the node is applied to the same input parameters, it is not computed, and the
results are reloaded from the disk:

1.3. Interface caching 7
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>>> results = fsl_merge(dimension='t', in_files=['a.nii.gz', 'b.nii.gz'])
INFO:workflow:Executing node faa7888f5955c961le5c6aa70cbd5¢807 in dir: /home/
—varoquau/dev/nipype/nipype/caching/nipype_mem/nipype—-interfaces-fsl-utils-Merge/
—~faa7888£5955¢c961e5c6aa70cbd5¢c807

INFO:workflow:Collecting precomputed outputs

Once the Memory is set up and you are applying it to data, an important thing to keep in mind is that you are
using up disk cache. It might be useful to clean it using the methods that Memory provides for this: Memory .
clear_previous_runs (), Memory.clear_runs_since ().

Example

A full-blown example showing how to stage multiple operations can be found in the caching_example.
py file.

1.3.3 Usage patterns: working efficiently with caching

The goal of the caching module is to enable writing plain Python code rather than workflows. Use it: instead
of data grabber nodes, use for instance the glob module. To vary parameters, use for loops. To make reusable
code, write Python functions.

One good rule of thumb to respect is to avoid the usage of explicit filenames apart from the outermost inputs
and outputs of your processing. The reason being that the caching mechanism of nipy.caching takes care
of generating the unique hashes, ensuring that, when you vary parameters, files are not overridden by the output
of different computations.

Debuging

If you need to inspect the running environment of the nodes, it may be useful to know where they were
executed. With nipype.caching, you do not control this location as it is encoded by hashes.
To find out where an operation has been persisted, simply look in it’s output variable:

out.runtime.cwd

Finally, the more you explore different parameters, the more you risk creating cached results that will never be
reused. Keep in mind that it may be useful to flush the cache using Memory.clear previous_runs()
or Memory.clear_ runs_since().

1.3.4 API reference

The main class of the nipype.caching module is the Memory class:
class nipype.caching.Memory (base_dir)
Memory context to provide caching for interfaces
Parameters
base_dir: string The directory name of the location for the caching

Methods
cache(interface) Returns a callable that caches the output of an in-
terface
clear previous_runs([warn]) Remove all the cache that where not used in the
latest run of the memory object: i.e.
clear_previous_runs([warn]) Remove all the cache that where not used in the

latest run of the memory object: i.e.
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__init__ (base_dir)
Initialize self. See help(type(self)) for accurate signature.
cache (interface)
Returns a callable that caches the output of an interface
Parameters
interface: nipype interface The nipype interface class to be wrapped and cached
Returns
pipe_func: a PipeFunc callable object An object that can be used as a function to apply
the interface to arguments. Inputs of the interface are given as keyword arguments,
bearing the same name as the name in the inputs specs of the interface.

Examples

>>> from tempfile import mkdtemp
>>> mem = Memory (mkdtemp ())
>>> from nipype.interfaces import fsl

Here we create a callable that can be used to apply an fsl.Merge interface to files

>>> fsl_merge = mem.cache (fsl.Merge)

Now we apply it to a list of files. We need to specify the list of input files and the dimension along
which the files should be merged.

>>> results = fsl_merge(in_files=['a.nii', 'b.nii'],
dimension="'t")

We can retrieve the resulting file from the outputs: >>> results.outputs.merged_file # doctest: +SKIP
clear_previous_runs (warn=True)
Remove all the cache that where not used in the latest run of the memory object: i.e. since the
corresponding Python object was created.
Parameters
warn: boolean, optional If true, echoes warning messages for all directory removed
clear_ runs_since (day=None, month=None, year=None, warn=True)
Remove all the cache that where not used since the given date
Parameters
day, month, year: integers, optional The integers specifying the latest day (in localtime)
that a node should have been accessed to be kept. If not given, the current date is used.
warn: boolean, optional If true, echoes warning messages for all directory removed

Also used are the PipeFunc, callables that are returned by the Memory . cache () decorator:
class nipype.caching.memory.PipeFunc (interface, base_dir, callback=None)

Callable interface to nipype.interface objects
Use this to wrap nipype.interface object and call them specifying their input with keyword arguments:

fsl_merge = PipeFunc(fsl.Merge, base_dir="'.")

out = fsl_merge(in_files=files, dimension='t")
Methods
__call__ (**kwargs) Call self as a function.

__init__ (interface, base_dir, callback=None)

1.3.
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Parameters
interface: a nipype interface class The interface class to wrap
base_dir: a string The directory in which the computation will be stored
callback: a callable An optional callable called each time after the function is called.

1.4 Using Nipype Plugins

The workflow engine supports a plugin architecture for workflow execution. The available plugins allow local
and distributed execution of workflows and debugging. Each available plugin is described below.

Current plugins are available for Linear, Multiprocessing, [Python distributed processing platforms and for
direct processing on SGE, PBS, HTCondor, LSF, OAR, and SLURM. We anticipate future plugins for the Soma
workflow.

Note: The current distributed processing plugins rely on the availability of a shared filesystem across compu-
tational nodes.
A variety of config options can control how execution behaves in this distributed context. These are listed later
on in this page.

All plugins can be executed with:

workflow.run (plugin=PLUGIN_NAME, plugin_args=ARGS_DICT)

Optional arguments:

status_callback : a function handle

max_Jjobs : maximum number of concurrent jobs
max_tries : number of times to try submitting a job
retry_timeout : amount of time to wait between tries

Note: Except for the status_callback, the remaining arguments only apply to the distributed plugins: Multi-
Proc/IPython(X)/SGE/PBS/HTCondor/HTCondorDAGMan/LSF

For example:

1.4.1 Plugins
Debug

This plugin provides a simple mechanism to debug certain components of a workflow without executing any
node.
Mandatory arguments:

callable : A function handle that receives as arguments a node and a graph

The function callable will called for every node from a topological sort of the execution graph.

Linear

This plugin runs the workflow one node at a time in a single process locally. The order of the nodes is determined
by a topological sort of the workflow:

workflow.run (plugin="'Linear")

MultiProc

Uses the Python multiprocessing library to distribute jobs as new processes on a local system.
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Optional arguments:

n_procs : Number of processes to launch in parallel, if not set number of
processors/threads will be automatically detected

memory_gb : Total memory available to be shared by all simultaneous tasks
currently running, if not set it will be automatically set to 90\% of
system RAM.

raise_insufficient : Raise exception when the estimated resources of a node
exceed the total amount of resources available (memory and threads), when
‘“False'~ (default), only a warning will be issued.

maxtasksperchild : number of nodes to run on each process before refreshing
the worker (default: 10).

To distribute processing on a multicore machine, simply call:

’workflow.run(plugin:'MultiProc‘)

This will use all available CPUs. If on the other hand you would like to restrict the number of used resources
(to say 2 CPUs), you can call:

’workflow.run(plugiHZ'MultiProc‘, plugin_args={'n_procs' : 2}

IPython

This plugin provide access to distributed computing using [Python parallel machinery.

Note: Please read the [Python documentation to determine how to setup your cluster for distributed processing.
This typically involves calling ipcluster.

Once the clients have been started, any pipeline executed with:

workflow.run (plugin="IPython')

SGE/PBS
In order to use nipype with SGE or PBS you simply need to call:

workflow.run (plugin="'SGE")
workflow.run (plugin="'PBS")

Optional arguments:

template: custom template file to use
gsub_args: any other command line args to be passed to gsub.
max_jobname_len: (PBS only) maximum length of the job name. Default 15.

For example, the following snippet executes the workflow on myqueue with a custom template:

workflow.run (plugin="'SGE',
plugin_args=dict (template="mytemplate.sh', gsub_args='-g myqueue')

In addition to overall workflow configuration, you can use node level configuration for PBS/SGE:

node.plugin_args = {'gsub_args': '-1 nodes=1l:ppn=3"'}

this would apply only to the node and is useful in situations, where a particular node might use more resources
than other nodes in a workflow.
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Note: Setting the keyword overwrite would overwrite any global configuration with this local configuration:

node.plugin_args = {'gsub_args': '-1 nodes=l:ppn=3', 'overwrite': True}

SGEGraph

SGEGraph is an execution plugin working with Sun Grid Engine that allows for submitting entire graph of
dependent jobs at once. This way Nipype does not need to run a monitoring process - SGE takes care of this.
The use of SGEGraph is preferred over SGE since the latter adds unnecessary load on the submit machine.

Note: When rerunning unfinished workflows using SGEGraph you may decide not to submit jobs for Nodes
that previously finished running. This can speed up execution, but new or modified inputs that would previously
trigger a Node to rerun will be ignored. The following option turns on this functionality:

workflow.run (plugin="'SGEGraph', plugin_args = {'dont_resubmit_ completed_ jobs':
—True})

LSF

Submitting via LSF is almost identical to SGE above above except for the optional arguments field:

workflow.run (plugin="LSF")

Optional arguments:

template: custom template file to use
bsub_args: any other command line args to be passed to bsub.

SLURM

Submitting via SLURM is almost identical to SGE above except for the optional arguments field:
workflow.run(plugin="SLURM”)
Optional arguments:

template: custom template file to use
sbatch_args: any other command line args to be passed to bsub.
jobid_re: regular expression for custom job submission id search

SLURMGraph

SLURMGraph is an execution plugin working with SLURM that allows for submitting entire graph of dependent
jobs at once. This way Nipype does not need to run a monitoring process - SLURM takes care of this. The use
of SLURMGraph plugin is preferred over the vanilla SLURM plugin since the latter adds unnecessary load on
the submit machine.

Note: When rerunning unfinished workflows using SLURMGraph you may decide not to submit jobs for Nodes
that previously finished running. This can speed up execution, but new or modified inputs that would previously
trigger a Node to rerun will be ignored. The following option turns on this functionality:

workflow.run (plugin="'SLURMGraph', plugin_args = {'dont_resubmit_completed_jobs':
—True})

12

Chapter 1. User Guide



http://www.oracle.com/us/products/tools/oracle-grid-engine-075549.html
http://slurm.schedmd.com/

nipype Documentation, Release 1.1.0

HTCondor
DAGMan

With its DAGMan component HTCondor (previously Condor) allows for submitting entire graphs of dependent
jobs at once (similar to SGEGraph and SLURMGraph). With the CondorDAGMan plug-in Nipype can utilize
this functionality to submit complete workflows directly and in a single step. Consequently, and in contrast
to other plug-ins, workflow execution returns almost instantaneously — Nipype is only used to generate the
workflow graph, while job scheduling and dependency resolution are entirely managed by HTCondor.

Please note that although DAGMan supports specification of data dependencies as well as data provisioning on
compute nodes this functionality is currently not supported by this plug-in. As with all other batch systems
supported by Nipype, only HTCondor pools with a shared file system can be used to process Nipype workflows.
Workflow execution with HTCondor DAGMan is done by calling:

workflow.run (plugin="'"CondorDAGMan"')

Job execution behavior can be tweaked with the following optional plug-in arguments. The value of most
arguments can be a literal string or a filename, where in the latter case the content of the file will be used as the
argument value:

submit_template : submit spec template for individual jobs in a DAG (see
CondorDAGManPlugin.default_submit_template for the default.

initial_specs : additional submit specs that are prepended to any job's
submit file

override_specs : additional submit specs that are appended to any job's
submit file

wrapper_cmd : path to an exectuable that will be started instead of a node
script. This is useful for wrapper script that execute certain
functionality prior or after a node runs. If this option is
given the wrapper command is called with the respective Python
exectuable and the path to the node script as final arguments

wrapper_args : optional additional arguments to a wrapper command

dagman_args : arguments to be prepended to the Jjob execution script in the
dagman call

block : if True the plugin call will block until Condor has finished

prcoessing the entire workflow (default: False)

Please see the HTCondor documentation for details on possible configuration options and command line argu-
ments.

Using the wrapper_cmd argument it is possible to combine Nipype workflow execution with check-
point/migration functionality offered by, for example, DMTCP. This is especially useful in the case of workflows
with long running nodes, such as Freesurfer’s recon-all pipeline, where Condor’s job prioritization algorithm
could lead to jobs being evicted from compute nodes in order to maximize overall troughput. With check-
point/migration enabled such a job would be checkpointed prior eviction and resume work from the check-
pointed state after being rescheduled — instead of restarting from scratch.

On a Debian system, executing a workflow with support for checkpoint/migration for all nodes could look like
this:

# define common parameters

dmtcp_hdr = """

should_transfer_ files = YES

when_to_transfer_output = ON_EXIT_OR_EVICT

kill_sig = 2

environment DMTCP_TMPDIR=./; JALIB_STDERR_PATH=/dev/null; DMTCP_PREFIX_ID=
—$ (CLUSTER) _$ (PROCESS)

shim_args = "--log .shimlog —--stdout .shimout --stderr
o .shimerr"

(continues on next page)
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(continued from previous page)

# run workflow
workflow. run (
plugin="'CondorDAGMan',
plugin_args=dict (initial_specs=dmtcp_hdr,
wrapper_cmd="'/usr/lib/condor/shim_dmtcp',
wrapper_args=shim_args)

OAR

In order to use nipype with OAR you simply need to call:

workflow.run (plugin="0AR")

Optional arguments:

template: custom template file to use
oar_args: any other command line args to be passed to gsub.
max_Jjobname_len: (PBS only) maximum length of the job name. Default 15.

For example, the following snippet executes the workflow on myqueue with a custom template:

workflow.run (plugin='oar',
plugin_args=dict (template="mytemplate.sh', oarsub_args='—-g myqueue')

In addition to overall workflow configuration, you can use node level configuration for OAR:

node.plugin_args = {'overwrite': True, 'oarsub_args': '—-1 "nodes=1/cores=3""}

this would apply only to the node and is useful in situations, where a particular node might use more resources
than other nodes in a workflow. You need to set the ‘overwrite’ flag to bypass the general settings-template you
defined for the other nodes.

gsub emulation

Note: This plug-in is deprecated and users should migrate to the more robust and more versatile
CondorDAGMan plug-in.

Despite the differences between HTCondor and SGE-like batch systems the plugin usage (incl. supported
arguments) is almost identical. The HTCondor plugin relies on a gsub emulation script for HTCondor, called
condor_gsub that can be obtained from a Git repository on git.debian.org. This script is currently not shipped
with a standard HTCondor distribution, but is included in the HTCondor package from http://neuro.debian.net.
It is sufficient to download this script and install it in any location on a system that is included in the PATH
configuration.

Running a workflow in a HTCondor pool is done by calling:

workflow.run (plugin="'Condor")

The plugin supports a limited set of qsub arguments (gsub_args) that cover the most common use cases. The
condor_gsub emulation script translates qsub arguments into the corresponding HTCondor terminology and
handles the actual job submission. For details on supported options see the manpage of condor_gsub.
Optional arguments:

gsub_args: any other command line args to be passed to condor_gsub.
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1.5 Configuration File

Some of the system wide options of Nipype can be configured using a configuration file. Nipype looks for the
file in the local folder under the name nipype.cfgandin ~/.nipype/nipype.cfqg (in this order). If an
option will not be specified a default value will be assumed. The file is divided into following sections:

1.5.1 Logging

workflow_level How detailed the logs regarding workflow should be (possible values: INFO and DEBUG; de-
fault value: INFO)

utils_level How detailed the logs regarding nipype utils, like file operations (for example overwriting warning)
or the resource profiler, should be (possible values: INFO and DEBUG; default value: INFO)

interface_level How detailed the logs regarding interface execution should be (possible values: INFO and
DEBUG; default value: INFO)

filemanip_level (deprecated as of 1.0) How detailed the logs regarding file operations (for example overwrit-
ing warning) should be (possible values: INFO and DEBUG)

log_to_file Indicates whether logging should also send the output to a file (possible values: true and false;
default value: false)

log_directory Where to store logs. (string, default value: home directory)

log_size Size of a single log file. (integer, default value: 254000)

log_rotate How many rotation should the log file make. (integer, default value: 4)

1.5.2 Execution

plugin This defines which execution plugin to use. (possible values: Linear,MultiProc, SGE, IPython;
default value: Linear)

stop_on_first_crash Should the workflow stop upon first node crashing or try to execute as many nodes as
possible? (possible values: t rue and false; default value: false)

stop_on_first_rerun Should the workflow stop upon first node trying to recompute (by that we mean rerunning
a node that has been run before - this can happen due changed inputs and/or hash_method since the last
run). (possible values: t rue and false; default value: false)

hash_method Should the input files be checked for changes using their content (slow, but 100% accurate) or
just their size and modification date (fast, but potentially prone to errors)? (possible values: content and
timestamp; default value: timestamp)

keep_inputs Ensures that all inputs that are created in the nodes working directory are kept after node execution
(possible values: true and false; default value: false)

single_thread_matlab Should all of the Matlab interfaces (including SPM) use only one thread? This is useful
if you are parallelizing your workflow using MultiProc or IPython on a single multicore machine. (possible
values: t rue and false; default value: t rue)

display_variable

Override the SDISPLAY environment variable for interfaces that require

an X server. This option is useful if there is a running X server, but SDISPLAY was not defined
in nipype’s environment. For example, if an X server is listening on the default port of 6000, set
display_variable = :0 toenable nipype interfaces to use it. It may also point to displays provided
by VNC, xnest or Xvfb. If neither display_variable nor the SDISPLAY environment variable are
set, nipype will try to configure a new virtual server using Xvfb. (possible values: any X server address;
default value: not set)

remove_unnecessary_outputs This will remove any interface outputs not needed by the workflow. If the re-
quired outputs from a node changes, rerunning the workflow will rerun the node. Outputs of leaf nodes
(nodes whose outputs are not connected to any other nodes) will never be deleted independent of this
parameter. (possible values: t rue and false; default value: true)

try_hard_link_datasink When the DataSink is used to produce an orginized output file outside of nipypes
internal cache structure, a file system hard link will be attempted first. A hard link allow multiple file paths
to point to the same physical storage location on disk if the conditions allow. By refering to the same
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physical file on disk (instead of copying files byte-by-byte) we can avoid unnecessary data duplication.
If hard links are not supported for the source or destination paths specified, then a standard byte-by-byte
copy is used. (possible values: t rue and false; default value: true)

use_relative_paths Should the paths stored in results (and used to look for inputs) be relative or absolute.
Relative paths allow moving the whole working directory around but may cause problems with symlinks.
(possible values: true and false; default value: false)

local_hash_check Perform the hash check on the job submission machine. This option minimizes the number
of jobs submitted to a cluster engine or a multiprocessing pool to only those that need to be rerun. (possible
values: t rue and false; default value: true)

Jjob_finished_timeout When batch jobs are submitted through, SGE/PBS/Condor they could be killed exter-
nally. Nipype checks to see if a results file exists to determine if the node has completed. This timeout
determines for how long this check is done after a job finish is detected. (float in seconds; default value:
5)

remove_node_directories (EXPERIMENTAL) Removes directories whose outputs have already been used up.
Doesn’t work with Identilnterface or any node that patches data through (without copying) (possible val-
ues: true and false; default value: false)

stop_on_unknown_version If this is set to True, an underlying interface will raise an error, when no version
information is available. Please notify developers or submit a patch.

parameterize_dirs If this is set to True, the node’s output directory will contain full parameterization of any
iterable, otherwise parameterizations over 32 characters will be replaced by their hash. (possible values:
true and false; default value: true)

poll_sleep_duration This controls how long the job submission loop will sleep between submitting all pending
jobs and checking for job completion. To be nice to cluster schedulers the default is set to 2 seconds.

xvfb_max_wait Maximum time (in seconds) to wait for Xvfb to start, if the _redirect_x parameter of an Inter-
face is True.

crashfile_format This option controls the file type of any crashfile generated. Pklz crashfiles allow interactive
debugging and rerunning of nodes, while text crashfiles allow portability across machines and shorter load
time. (possible values: pklz and txt; default value: pklz)

1.5.3 Resource Monitor

enabled Enables monitoring the resources occupation (possible values: true and false; default value:
false). All the following options will be dismissed if the resource monitor is not enabled.

sample_frequency Sampling period (in seconds) between measurements of resources (memory, cpus) being
used by an interface (default value: 1)

summary_file Indicates where the summary file collecting all profiling information from the resource monitor
should be stored after execution of a workflow. The summary_file does not apply to interfaces run
independently. (unset by default, in which case the summary file will be written out to <base_dir>/
resource_monitor. json of the top-level workflow).

summary_append Append to an existing summary file (only applies to workflows). (default value: true,
possible values: true or false).

1.5.4 Example

[logging]
workflow_level = DEBUG

[execution]
stop_on_first_crash = true
hash_method = timestamp
display_variable = :1

[monitoring]
enabled = false

16

Chapter 1. User Guide




nipype Documentation, Release 1.1.0

Workflow.config property has a form of a nested dictionary reflecting the structure of the .cfg file.

myworkflow = pe.Workflow ()
myworkflow.config['execution'] = {'stop_on_first_rerun': 'True',
'hash_method': 'timestamp'}

You can also directly set global config options in your workflow script. An example is shown below. This needs
to be called before you import the pipeline or the logger. Otherwise logging level will not be reset.

from nipype import config

cfg = dict (logging=dict (workflow_level = 'DEBUG'"),
execution={"'stop_on_first_crash': False,
'hash_method': 'content'})

config.update_config(cfqg)

1.5.5 Enabling logging to file

By default, logging to file is disabled. One can enable and write the file to a location of choice as in the example
below.

import os

from nipype import config, logging

config.update_config({'logging': {'log_directory': os.getcwd(),
'log_to_file': True}})

logging.update_logging (config)

The logging update line is necessary to change the behavior of logging such as output directory, logging level,
etc.,.

1.5.6 Debug configuration

To enable debug mode, one can insert the following lines:

from nipype import config
config.enable_debug_mode ()

In this mode the following variables are set:

v

config.set
config.set ('execution', 'remove_unnecessary_outputs', 'false')
config.set ('execution', 'keep_inputs', 'true')

('execution', 'stop_on_first_crash', 'true')

(

(
config.set ('logging', 'workflow_level', 'DEBUG')

(

(

config.set ('logging', 'interface_level', 'DEBUG')
config.set ('logging', 'utils_level', 'DEBUG')

The primary loggers (workflow, interface and utils) are also reset to level DEBUG. You may wish to
adjust these manually using:

from nipype import logging
logging.getLogger (<logger>) .setLevel (<level>)

1.6 Debugging Nipype Workflows

Throughout Nipype we try to provide meaningful error messages. If you run into an error that does not have a
meaningful error message please let us know so that we can improve error reporting.
Here are some notes that may help debugging workflows or understanding performance issues.
1. Always run your workflow first on a single iterable (e.g. subject) and gradually increase the execution
distribution complexity (Linear->MultiProc-> SGE).
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2. Use the debug config mode. This can be done by setting:
from nipype import config
config.enable_debug_mode ()
as the first import of your nipype script.

Note: Turning on debug will rerun your workflows and will rerun them after debugging is turned off.
Turning on debug mode will also override log levels specified elsewhere, such as in the nipype configura-
tion. workflow, interface and utils loggers will all be set to level * DEBUG.

3. There are several configuration options that can help with debugging. See Configuration File for more
details:
keep_inputs
remove_unnecessary_outputs
stop_on_first_crash
stop_on_first_rerun

4. When running in distributed mode on cluster engines, it is possible for a node to fail without generating a
crash file in the crashdump directory. In such cases, it will store a crash file in the batch directory.

5. All Nipype crashfiles can be inspected with the nipypecli crash utility.

6. The nipypecli search command allows you to search for regular expressions in the tracebacks of the Nipype
crashfiles within a log folder.

7. Nipype determines the hash of the input state of a node. If any input contains strings that represent files
on the system path, the hash evaluation mechanism will determine the timestamp or content hash of each
of those files. Thus any node with an input containing huge dictionaries (or lists) of file names can cause
serious performance penalties.

8. For HUGE data processing, ‘stop_on_first_crash’:’False’, is needed to get the bulk of processing

10.

done, and then ‘stop_on_first_crash’:’True’, is needed for debugging and finding failing cases. Setting
‘stop_on_first_crash’: ‘False’ is a reasonable option when you would expect 90% of the data to execute

properly.

. Sometimes nipype will hang as if nothing is going on and if you hit Ctrl+C you will get a Concurrent-

LogHandler error. Simply remove the pypeline.lock file in your home directory and continue.

One many clusters with shared NFS mounts synchronization of files across clusters may not happen before
the typical NFS cache timeouts. When using PBS/LSF/SGE/Condor plugins in such cases the workflow
may crash because it cannot retrieve the node result. Setting the job_finished_timeout can help:

’workflow.config['execution']['job_finished_timeout'} = 65

1.7 Nipype Command Line Interface

The Nipype Command Line Interface allows a variety of operations:

$ nipypecli
Usage: nipypecli [OPTIONS] COMMAND [ARGS]...

Options:
-h, —--help Show this message and exit.
Commands :
convert Export nipype interfaces to other formats.
crash Display Nipype crash files.
run Run a Nipype Interface.
search Search for tracebacks content.
show Print the content of Nipype node .pklz file.
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These have replaced previous nipype command line tools such as nipype_display_crash, nipype_crash_search,
nipype2boutiques, nipype_cmd and nipype_display_pklz.

1.8 DataGrabber and DataSink explained

In this chapter we will try to explain the concepts behind DataGrabber and DaraSink.

1.8.1 Why do we need these interfaces?

A typical workflow takes data as input and produces data as the result of one or more operations. One can set
the data required by a workflow directly as illustrated below.

from fsl tutorial2 import preproc

preproc.base_dir = os.path.abspath('.")

preproc.inputs.inputspec.func = os.path.abspath('data/sl/f3.nii')
preproc.inputs.inputspec.struct = os.path.abspath('data/sl/struct.nii')
preproc.run ()

Typical neuroimaging studies require running workflows on multiple subjects or different parameterizations of
algorithms. One simple approach to that would be to simply iterate over subjects.

from fsl tutorial2 import preproc

for name in subjects:
preproc.base_dir = os.path.abspath('.")
preproc.inputs.inputspec.func = os.path.abspath('data/%s/£3.nii'%name)
preproc.inputs.inputspec.struct = os.path.abspath('data/%s/struct.nii'%name)
preproc.run ()

However, in the context of complex workflows and given that users typically arrange their imaging and other data
in a semantically hierarchical data store, an alternative mechanism for reading and writing the data generated by
a workflow is often necessary. As the names suggest DataGrabber is used to get at data stored in a shared file
system while DataSink is used to store the data generated by a workflow into a hierarchical structure on disk.

1.8.2 DataGrabber

DataGrabber is an interface for collecting files from hard drive. It is very flexible and supports almost any file
organization of your data you can imagine.

You can use it as a trivial use case of getting a fixed file. By default, DataGrabber stores its outputs in a field
called outfiles.

import nipype.interfaces.io as nio

datasourcel = nio.DataGrabber ()
datasourcel.inputs.base_directory = os.getcwd()
datasourcel.inputs.template = 'data/sl/f3.nii’'
datasourcel.inputs.sort_filelist = True
results = datasourcel.run|()

Or you can get at all uncompressed NIfTI files starting with the letter ‘f” in all directories starting with the letter

[}

S

datasource2.inputs.base_directory = '/mass'
datasource2.inputs.template = 'data/s*/fx.nii"
datasourcel.inputs.sort_filelist = True

Two special inputs were used in these previous cases. The input base_directory indicates in which directory to
search, while the input femplate indicates the string template to match. So in the previous case datagrabber is
looking for path matches of the form /mass/data/s™*/f*.
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Note: When used with wildcards (e.g., s* and f* above) DataGrabber does not return data in sorted order. In
order to force it to return data in sorted order, one needs to set the input sorted = True. However, when explicitly
specifying an order as we will see below, sorted should be set to False.

More useful cases arise when the template can be filled by other inputs. In the example below, we define an
input field for datagrabber called run. This is then used to set the template (see %d in the template).

datasource3 =

datasource3.inputs.template =
datasourcel.inputs.sort_filelist
datasource3.inputs.run = [3, 7]

nio.DataGrabber (infields=["run'])
datasource3.inputs.base_directory
'data/sl/f

os.getcwd ()
.nii’
True

This will return files basedir/data/s1/f3.nii and basedir/data/s1/f7.nii. We can take this a step further and pair

subjects with runs.

datasourced =
datasourced.inputs.template
datasourcel.inputs.sort_filelist
datasourced. [3, 7]
datasourced. subject_id =

inputs.run =

inputs.

nio.DataGrabber (infields=["'subject_id"',
'data/

['s1l',

"run'])
/£
True

.nii’

ISB|]

This will return files basedir/data/s1/f3.nii and basedir/data/s3/f7.nii.

A more realistic use-case

In a typical study one often wants to grab different files for a given subject and store them in semantically
meaningful outputs. In the following example, we wish to retrieve all the functional runs and the structural

image for the subject ‘s1’.

datasource.inputs.template_args

datasource.inputs.subject_id =

's1!

dict (func=[['subject_id",

datasource = nio.DataGrabber (infields=['subject_id'], outfields=['func', 'struct

="'1)

datasource.inputs.base_directory = 'data'

datasource.inputs.template = "x'

datasourcel.inputs.sort_filelist = True

datasource.inputs.field_template = dict (func=" /£ .nii"',
struct="'%s/struct.nii’")

[3,5,7,10111,
struct=[['subject_id']])

Two more fields are introduced: field_template and template_args. These fields are both dictionaries whose
keys correspond to the outfields keyword. The field_template reflects the search path for each output field, while
the template_args reflect the inputs that satisfy the template. The inputs can either be one of the named inputs
specified by the infields keyword arg or it can be raw strings or integers corresponding to the template. For the
func output, the %s in the field_template is satisfied by subject_id and the %d is field in by the list of numbers.

Note: We have not set sorted to True as we want the DataGrabber to return the functional files in the order it
was specified rather than in an alphabetic sorted order.

1.8.3 DataSink

A workflow working directory is like a cache. It contains not only the outputs of various processing stages, it
also contains various extraneous information such as execution reports, hashfiles determining the input state of
processes. All of this is embedded in a hierarchical structure that reflects the iterables that have been used in the
workflow. This makes navigating the working directory a not so pleasant experience. And typically the user is
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interested in preserving only a small percentage of these outputs. The DataSink interface can be used to extract
components from this cache and store it at a different location. For XNAT-based storage, see XNATSink .

Note: Unlike other interfaces, a DataSink’s inputs are defined and created by using the workflow connect
statement. Currently disconnecting an input from the DataSink does not remove that connection port.

Let’s assume we have the following workflow.

InputNode

Realign

The following code segment defines the DataSink node and sets the base_directory in which all outputs will be
stored. The container input creates a subdirectory within the base_directory. If you are iterating a workflow
over subjects, it may be useful to save it within a folder with the subject id.

datasink = pe.Node(nio.DataSink (), name='sinker')
datasink.inputs.base_directory = '/path/to/output'
workflow.connect (inputnode, 'subject_id', datasink, 'container'")

If we wanted to save the realigned files and the realignment parameters to the same place the most intuitive
option would be:

workflow.connect (realigner, 'realigned_ files', datasink, 'motion")
workflow.connect (realigner, 'realignment_ parameters', datasink, 'motion')

However, this will not work as only one connection is allowed per input port. So we need to create a second
port. We can store the files in a separate folder.

workflow.connect (realigner, 'realigned files', datasink, 'motion')
workflow.connect (realigner, 'realignment_parameters', datasink, 'motion.par')

The period (.) indicates that a subfolder called par should be created. But if we wanted to store it in the same
folder as the realigned files, we would use the . @ syntax. The @ tells the DaraSink interface to not create the
subfolder. This will allow us to create different named input ports for DaraSink and allow the user to store the
files in the same folder.

workflow.connect (realigner, 'realigned_ files', datasink, 'motion')
workflow.connect (realigner, 'realignment_parameters', datasink, 'motion.@par")

The syntax for the input port of DataSink takes the following form:
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string[[.[€]]string[[.[@]]string] ...]
where parts between paired [] are optional.

MapNode

In order to use DataSink inside a MapNode, it’s inputs have to be defined inside the constructor using the infields
keyword arg.

Parameterization

As discussed in MapNode, iterfield, and iterables explained, one can run a workflow iterating over various inputs
using the iterables attribute of nodes. This means that a given workflow can have multiple outputs depending on
how many iterables are there. Iterables create working directory subfolders such as _iterable_name_value. The
parameterization input parameter controls whether the data stored using DataSink is in a folder structure that
contains this iterable information or not. It is generally recommended to set this to 7True when using multiple
nested iterables.

Substitutions

The substitutions and regexp_substitutions inputs allow users to modify the output destination
path and name of a file. Substitutions are a list of 2-tuples and are carried out in the order in which they were
entered. Assuming that the output path of a file is:

/root/container/_variable_1/file_subject_realigned.nii

we can use substitutions to clean up the output path.

datasink.inputs.substitutions = [('_variable', 'variable'),
('file_subject_', ''")]

This will rewrite the file as:

/root/container/variable_1/realigned.nii

Note: In order to figure out which substitutions are needed it is often useful to run the workflow on a limited
set of iterables and then determine the substitutions.

1.9 The SelectFiles Interfaces

Nipype 0.9 introduces a new interface for intelligently finding files on the disk and feeding them into your
workflows: SelectFiles. SelectFiles is intended as a simpler alternative to the DataGrabber interface that was
discussed previously in DataGrabber and DataSink explained.

SelectFiles is built on Python format strings, which are similar to the Python string interpolation feature you are
likely already familiar with, but advantageous in several respects. Format strings allow you to replace named
sections of template strings set off by curly braces ({}), possibly filtered through a set of functions that control
how the values are rendered into the string. As a very basic example, we could write

’msg = "This workflow uses "

and then format it with keyword arguments:

’ print msg.format (package="FSL")

|

SelectFiles only requires that you provide templates that can be used to find your data; the actual formatting
happens behind the scenes.
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Consider a basic example in which you want to select a T1 image and multple functional images for a number
of subjects. Invoking SelectFiles in this case is quite straightforward:

from nipype import SelectFiles

templates = dict (Tl="data/ /struct/T1l.nii",
epi="data/ /func/epi_run*.nii")

sf = SelectFiles (templates)

SelectFiles will take the remplates dictionary and parse it to determine its own inputs and oututs. Specifically,
each name used in the format spec (here just subject_id) will become an interface input, and each key in the
dictionary (here 71 and epi) will become interface outputs. The templates dictionary thus succinctly links the
node inputs to the appropriate outputs. You’ll also note that, as was the case with DataGrabber, you can use
basic glob syntax to match multiple files for a given output field. Additionally, any of the conversions outlined
in the Python documentation for format strings can be used in the templates.

There are a few other options that help make SelectFiles flexible enough to deal with any situation where you
need to collect data. Like DataGrabber, SelectFiles has a base_directory parameter that allows you to specify
a path that is common to all of the values in the femplates dictionary. Additionally, as glob does not return a
sorted list, there is also a sort_filelist option, taking a boolean, to control whether sorting should be applied (it
is True by default).

The final input is force_lists, which controls how SelectFiles behaves in cases where only a single file matches
the template. The default behavior is that when a template matches multiple files they are returned as a list,
while a single file is returned as a string. There may be situations where you want to force the outputs to always
be returned as a list (for example, you are writing a workflow that expects to operate on several runs of data,
but some of your subjects only have a single run). In this case, force_lists can be used to tune the outputs of the
interface. You can either use a boolean value, which will be applied to every output the interface has, or you can
provide a list of the output fields that should be coerced to a list. Returning to our basic example, you may want
to ensure that the epi files are returned as a list, but you only ever will have a single 77/ file. In this case, you
would do

’sf = SelectFiles (templates, force_lists=["epi"])

1.10 The Function Interface

Most Nipype interfaces provide access to external programs, such as FSL binaries or SPM routines. However, a
special interface, nipype.interfaces.utility.Function, allows you to wrap arbitrary Python code
in the Interface framework and seamlessly integrate it into your workflows.

1.10.1 A Simple Function Interface

The most important component of a working Function interface is a Python function. There are several ways
to associate a function with a Function interface, but the most common way will involve functions you code
yourself as part of your Nipype scripts. Consider the following function:

def add_two(val):
return val + 2

This simple function takes a value, adds 2 to it, and returns that new value.

Just as Nipype interfaces have inputs and outputs, Python functions have inputs, in the form of parameters or
arguments, and outputs, in the form of their return values. When you define a Function interface object with
an existing function, as in the case of add_two () above, you must pass the constructor information about the
function’s inputs, its outputs, and the function itself. For example,

from nipype.interfaces.utility import Function
add_two_interface = Function (input_names=["val"],

(continues on next page)
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(continued from previous page)

output_names=["out_val"],
function=add_two)

Then you can set the inputs and run just as you would with any other interface:

add_two_interface.inputs.val = 2
res = add_two_interface.run()
print res.outputs.out_val

Which would print 4.
Note that, if you are working interactively, the Function interface is unable to use functions that are defined
within your interpreter session. (Specifically, it can’t use functions that live in the __main___ namespace).

1.10.2 Using External Packages

Chances are, you will want to write functions that do more complicated processing, particularly using the grow-
ing stack of Python packages geared towards neuroimaging, such as Nibabel, Nipy, or PyYMVPA.

While this is completely possible (and, indeed, an intended use of the Function interface), it does come with one
important constraint. The function code you write is executed in a standalone environment, which means that
any external functions or classes you use have to be imported within the function itself:

def get_n_trs(in_file):
import nibabel
f = nibabel.load(in_file)
return f.shape[-1]

Without explicitly importing Nibabel in the body of the function, this would fail.

Alternatively, it is possible to provide a list of strings corresponding to the imports needed to execute a function
as a parameter of the Function constructor. This allows for the use of external functions that do not import all
external definitions inside the function body.

1.10.3 Hello World - Function interface in a workflow

Contributed by: Hénel Nikolaus Valentin

The following snippet of code demonstrates the use of the function interface in the context of a workflow. Note
the use of import os within the function as well as returning the absolute path from the Hello function. The
import inside is necessary because functions are coded as strings and do not have to be on the PYTHONPATH.
However any function called by this function has to be available on the PYTHONPATH. The absolute path
is necessary because all workflow nodes are executed in their own directory and therefore there is no way of
determining that the input file came from a different directory:

import nipype.pipeline.engine as pe
from nipype.interfaces.utility import Function

def Hello():
import os
from nipype import logging
iflogger = logging.getLogger ('interface')
message = "Hello "
file_name = 'hello.txt'
iflogger.info (message)
with open(file_name, 'w') as fp:
fp.write (message)
return os.path.abspath(file_name)

def World(in_file):

(continues on next page)
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from nipype import logging
iflogger = logging.getLogger ('interface')
message = "World!"
iflogger.info (message)
with open(in_file, 'a') as fp:
fp.write (message)

hello = pe.Node (name='hello',
interface=Function (input_names=[],
output_names=['out_file'],
function=Hello))
world = pe.Node (name='world',
interface=Function (input_names=["'in_file'],
output_names=[],
function=World))

pipeline = pe.Workflow(name="'nipype_demo")
pipeline.connect ([ (hello, world, [('out_file', '"in file')])1)
pipeline.run ()

pipeline.write_graph (graph2use="flat')

1.10.4 Advanced Use

To use an existing function object (as we have been doing so far) with a Function interface, it must be passed to
the constructor. However, it is also possible to dynamically set how a Function interface will process its inputs
using the special function_str input.

This input takes not a function object, but actually a single string that can be parsed to define a function. In the
equivalent case to our example above, the string would be

add_two_str = "def add_two(val) :\n return val + 2\n"

Unlike when using a function object, this input can be set like any other, meaning that you could write a function
that outputs different function strings depending on some run-time contingencies, and connect that output the
function_str input of a downstream Function interface.

1.11 MapNode, iterfield, and iterables explained

In this chapter we will try to explain the concepts behind MapNode, iterfield, and iterables.

1.11.1 MapNode and iterfield

Imagine that you have a list of items (lets say files) and you want to execute the same node on them (for example
some smoothing or masking). Some nodes accept multiple files and do exactly the same thing on them, but some
don’t (they expect only one file). MapNode can solve this problem. Imagine you have the following workflow:
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Node “A” outputs a list of files, but node “B” accepts only one file. Additionally “C” expects a list of files. What
you would like is to run “B” for every file in the output of “A” and collect the results as a list and feed it to “C”.
Something like this:

S

The code to achieve this is quite simple

import nipype.pipeline.engine as pe
a = pe.Node(interface=A(), name="a")
b = pe.MapNode (interface=B (), name="b", iterfield=['in_file'])
c = pe.Node (interface=C (), name="c")

(continues on next page)
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my_workflow = pe.Workflow (name="my_workflow")

my_workflow.connect ([ (a,b, [('out_files','in_file')]),
(b,c, [('out_file', '"in_files')])
1)

assuming that interfaces “A” and “C” have one input “in_files” and one output “out_files” (both lists of files).
Interface “B” has single file input “in_file” and single file output “out_file”.

You probably noticed that you connect nodes as if “B” could accept and output list of files. This is because
it is wrapped using MapNode instead of Node. This special version of node will (under the bonnet) create an
instance of “B” for every item in the list from the input. The compulsory argument “iterfield” defines which
input should it iterate over (for example in single file smooth interface you would like to iterate over input files
not the smoothing width). At the end outputs are collected into a list again. In other words this is map and
reduce scenario.

You might have also noticed that the iterfield arguments expects a list of input names instead of just one name.
This suggests that there can be more than one! Even though a bit confusing this is true. You can specify more
than one input to iterate over but the lists that you provide (for all the inputs specified in iterfield) have to have
the same length. MapNode will then pair the parameters up and run the first instance with first set of parameters
and second with second set of parameters. For example, this code:

b = pe.MapNode (interface=B (), name="b", iterfield=['in_file', 'n'])
b.inputs.in_file = ['file', 'another_ file', 'different_file']
b.inputs.n = [1,2,3]

b.run ()

is almost the same as running

bl = pe.Node (interface=B (), name="bl")
bl.inputs.in_file = 'file'
bl.inputs.n = 1

b2 = pe.Node (interface=B(), name="b2")
b2.inputs.in_file = 'another_ file'
b2.inputs.n = 2

b3 = pe.Node(interface=B(), name="b3")
pb3.inputs.in_file = 'different_file'
b3.inputs.n = 3

It is a rarely used feature, but you can sometimes find it useful.

In more advanced applications it is useful to be able to iterate over items of nested lists (for example
[[1,2],[3,4]1]). MapNode allows you to do this with the “nested=True” parameter. Outputs will preserve the
same nested structure as the inputs.

1.11.2 lterables

Now imagine a different scenario. You have your workflow as before
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and there are three possible values of one of the inputs node “B” you would like to investigate (for example
width of 2,4, and 6 pixels of a smoothing node). You would like to see how different parameters in node “B”
would influence everything that depends on its outputs (node “C” in our example). Therefore the new graph
should look like this:

Of course you can do it manually by creating copies of all the nodes for different parameter set, but this can be
very time consuming, especially when there are more than one node taking inputs from “B”. Luckily nipype
supports this scenario! Its called iterables and and you use it this way:

import nipype.pipeline.engine as pe
a = pe.Node(interface=A(), name="a")

(continues on next page)
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b = pe.Node (interface=B(), name="b")
b.iterables = ("n", [1, 2, 31)
’

c = pe.Node (interface=C() e

name="0¢

my_workflow = pe.Workflow (name="my_workflow")

my_workflow.connect ([ (a,b, [('out_file','in file')]),
(b,c, [("out_file','in_file')])
1)

Assuming that you want to try out values 1, 2, and 3 of input “n” of the node “B”. This will also create three
different versions of node “C” - each with inputs from instances of node “C” with different values of “n”.
Additionally, you can set multiple iterables for a node with a list of tuples in the above format.

Iterables are commonly used to execute the same workflow for many subjects. Usually one parametrises Data-
Grabber node with subject ID. This is achieved by connecting an IdentityInterface in front of DataGrabber.
When you set iterables of the IdentityInterface to the list of subjects IDs, the same workflow will be executed
for every subject. See fMRI: SPM, FSL to see this pattern in action.

1.12 JoinNode, synchronize and itersource

The previous MapNode, iterfield, and iterables explained chapter described how to fork and join nodes using
MapNode and iterables. In this chapter, we introduce features which build on these concepts to add workflow
flexibility.

1.12.1 JoinNode, joinsource and joinfield

A nipype.pipeline.engine.JoinNode generalizes MapNode to operate in conjunction with an up-
stream iterable node to reassemble downstream results, e.g.:
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The code to achieve this is as follows:

import nipype.pipeline.engine as pe

a = pe.Node (interface=A(), name="a")
b = pe.Node (interface=B(), name="b")
b.iterables = ("in_file", images)
c = pe.Node (interface=C(), name="c")
d = pe.JoinNode (interface=D (), joinsource="b",
joinfield="in_files", name="d")
my_workflow = pe.Workflow (name="my_workflow")
my_workflow.connect ([ (a,b, [ ('subject', "subject')]),
(b,c, [('out_file','"in_file'")]
[

)
(c,d, [('out_file', 'in_files')])

1)

This example assumes that interface “A” has one output subject, interface “B” has two inputs subject and in_file
and one output out_file, interface “C” has one input in_file and one output out_file, and interface D has one list
input in_files. The images variable is a list of three input image file names.

As with iterables and the MapNode iterfield, the joinfield can be a list of fields. Thus, the declaration in the
previous example is equivalent to the following:

d = pe.JoinNode (interface=D (), joinsource="b",
Joinfield=["in_files"], name="d")

The joinfield defaults to all of the JoinNode input fields, so the declaration is also equivalent to the following:

d = pe.JoinNode (interface=D (), joinsource="b", name="d")

In this example, the node “c” out_file outputs are collected into the JoinNode “d” in_files input list. The in_files
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order is the same as the upstream “b” node iterables order.
The JoinNode input can be filtered for unique values by specifying the unique flag, e.g.:

d = pe.JoinNode (interface=D (), joinsource="b", unique=True, name="d")

1.12.2 synchronize

The nipype.pipeline.engine.Node iterables parameter can be be a single field or a list of fields. If it
is a list, then execution is performed over all permutations of the list items. For example:

b.iterables = [("m", [1, 2]), ("n", [3, 41)]

results in the execution graph:

=SS

where “B13” has inputs m = 1, n = 3, “B14” has inputs m = 1, n = 4, etc.
The synchronize parameter synchronizes the iterables lists, e.g.:

b.iterables = [("m", [1, 21), ("n", [3, 41)]
b.synchronize = True

results in the execution graph:
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where the iterable inputs are selected in lock-step by index, i.e.:

(m,n)=(1,3) and (2, 4)
for “B13” and “B24”, resp.

1.12.3 itersource

The itersource feature allows you to expand a downstream iterable based on a mapping of an upstream iterable.

For example:

1)

a = pe.Node(interface=A(), name="a")

b = pe.Node (interface=B(), name="b")

b.iterables = ("m", [1, 21)

c = pe.Node (interface=C(), name="c")

d = pe.Node (interface=D(), name="d")

d.itersource = ("b", "m")

d.iterables = [("n", {1:[3,41, 2:[5,61})]

my_workflow = pe.Workflow (name="my_workflow")

my_workflow.connect ([ (a,b, [('out_file','in file')]),
(b,c, [('out_file',"in_file'")])
(c,d, [('out_file',"in_file")])

results in the execution graph:
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In this example, all interfaces have input in_file and output out_file. In addition, interface “B” has input m and
interface “D” has input n. A Python dictionary associates the “b” node input value with the downstream “d”
node n iterable values.

This example can be extended with a summary JoinNode:

e = pe.JoinNode (interface=E (), joinsource="d",
joinfield="in_files", name="e")
my_workflow.connect (d, 'out_file',

e, 'in_files")

resulting in the graph:
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SE9NS

The combination of iterables, MapNode, JoinNode, synchronize and itersource enables the creation of arbitrarily
complex workflow graphs. The astute workflow builder will recognize that this flexibility is both a blessing and
a curse. These advanced features are handy additions to the Nipype toolkit when used judiciously.

1.13 Model Specification for First Level fMRI Analysis

Nipype provides a general purpose model specification mechanism with specialized subclasses for package
specific extensions.

1.13.1 General purpose model specification

The SpecifyModel provides a generic mechanism for model specification. A mandatory input called sub-
ject_info provides paradigm specification for each run corresponding to a subject. This has to be in the form of
a Bunch or a list of Bunch objects (one for each run). Each Bunch object contains the following attribules.

Required for most designs

* conditions : list of names
* onsets : lists of onsets corresponding to each condition
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¢ durations [lists of durations corresponding to each condition. Should be] left to a single O if all events are
being modelled as impulses.

Optional

e regressor_names : list of names corresponding to each column. Should be None if automatically assigned.
* regressors : list of lists. values for each regressor - must correspond to the number of volumes in the functional
run
o amplitudes [lists of amplitudes for each event. This will be ignored by] SPM’s LevellDesign.
The following two (tmod, pmod) will be ignored by any LevellDesign class other than SPM:
* tmod [lists of conditions that should be temporally modulated. Should] default to None if not being used.
e pmod [list of Bunch corresponding to conditions]
name : name of parametric modulator
param : values of the modulator
poly : degree of modulation
An example Bunch definition:

from nipype.interfaces.base import Bunch
condnames = ['Tapping', 'Speaking', 'Yawning']
event_onsets = [[0, 10, 501, [20, 60, 801, [30, 40, 7011
durations = [[0],[0],[0]]
subject_info = Bunch (conditions=condnames,
onsets = event_onsets,
durations = durations)

Alternatively, you can provide condition, onset, duration and amplitude information through event files. The
event files have to be in 1,2 or 3 column format with the columns corresponding to Onsets, Durations and Ampli-
tudes and they have to have the name event_name.run<anything else> e.g.: Words.run0O1.txt. The event_name
part will be used to create the condition names. Words.run001.txt may look like:

# Word Onsets Durations
0 10
20 10

or with amplitudes:

# Word Onsets Durations Amplitudes
0 10 1
20 10 1

Together with this information, one needs to specify:

» whether the durations and event onsets are specified in terms of scan volumes or secs.

¢ the high-pass filter cutoff,

* the repetition time per scan

* functional data files corresponding to each run.
Optionally you can specify realignment parameters, outlier indices. Outlier files should contain a list of numbers,
one per row indicating which scans should not be included in the analysis. The numbers are 0-based.

1.13.2 SPM specific attributes

in addition to the generic specification options, several SPM specific options can be provided. In particular, the
subject_info function can provide temporal and parametric modulators in the Bunch attributes tmod and pmod.
The following example adds a linear parametric modulator for speaking rate for the events specified earlier:
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pmod = [None, Bunch(name=['Rate'], param=[[.300, .500, .60011,
poly=[1]), None]
subject_info = Bunch(conditions=condnames,
onsets = event_onsets,
durations = durations,

pmod = pmod)

SpecifySPMModel also allows specifying additional components. If you have a study with multiple runs,
you can choose to concatenate conditions from different runs. by setting the input option concatenate_runs to
True. You can also choose to set the output options for this class to be in terms of ‘scans’.

1.13.3 Sparse model specification

In addition to standard models, SpecifySparseModel allows model generation for sparse and sparse-
clustered acquisition experiments. Details of the model generation and utility are provided in Ghosh et al.
(2009) OHBM 2009.

1.14 Saving Workflows and Nodes to a file (experimental)

On top of the standard way of saving (i.e. serializing) objects in Python (see pickle) Nipype provides methods
to turn Workflows and nodes into human readable code. This is useful if you want to save a Workflow that you
have generated on the fly for future use.

To generate Python code for a Workflow use the export method:

from nipype.interfaces.fsl import BET, ImageMaths
from nipype.pipeline.engine import Workflow, Node, MapNode, format_node
from nipype.interfaces.utility import Function, IdentityInterface

bet = Node (BET (), name='bet'")
bet.iterables = ('frac', [0.3, 0.4])

bet2 = MapNode (BET (), name='bet2', iterfield=['infile'])
bet2.iterables = ('frac', [0.4, 0.57)

maths = Node (ImageMaths (), name='maths")

def testfunc(inl):
"""dummy func
out = inl + 'foo' + "outl"
return out

funcnode = Node (Function (input_names=['a'], output_names=['output'],
—function=testfunc),
name='"testfunc')
funcnode.inputs.inl = '-sub'
func = lambda x: x

inode = Node (IdentityInterface(fields=['a']), name='inode')
wf = Workflow('testsave')
wf.add_nodes ([bet2])
wf.connect (bet, 'mask_file', maths, 'in_file'")
wf.connect (bet2, ('mask_file', func), maths, 'in_file2")
wf.connect (inode, 'a', funcnode, 'inl'")

(

wf.connect (funcnode, 'output', maths, 'op_string')

(continues on next page)
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(continued from previous page)

wf.export ()

This will create a file “outputtestsave.py” with the following content:

from nipype.pipeline.engine import Workflow, Node, MapNode
from nipype.interfaces.utility import IdentityInterface
from nipype.interfaces.utility import Function

from nipype.utils.functions import getsource

from nipype.interfaces.fsl.preprocess import BET

from nipype.interfaces.fsl.utils import ImageMaths

# Functions

func = lambda x: x

# Workflow

testsave = Workflow("testsave")

# Node: testsave.inode

inode = Node (IdentityInterface(fields=["'a'], mandatory_inputs=True), name="inode")
# Node: testsave.testfunc
testfunc = Node (Function (input_names=['a'], output_names=['output']), name=

—"testfunc")
testfunc.interface.ignore_exception = False
def testfunc_1(inl):

"""dummy func

wnn

out = inl + 'foo' + "outl"

return out

testfunc.inputs. function_str = getsource (testfunc_1)
testfunc.inputs.inl = '—-sub'

testsave.connect (inode, "a", testfunc, "inl")

# Node: testsave.bet2

bet2 = MapNode (BET (), iterfield=['infile'], name="bet2")
bet2.interface.ignore_exception = False
bet2.iterables = ('frac', [0.4, 0.57)
bet2.inputs.environ = {'FSLOUTPUTTYPE': 'NIFTI_ GZ'}
bet2.inputs.output_type = 'NIFTI_GZ'
bet2.terminal_output = 'stream'

# Node: testsave.bet

bet = Node (BET (), name="bet")
bet.interface.ignore_exception = False
bet.iterables = ('frac', [0.3, 0.4])
bet.inputs.environ = {'FSLOUTPUTTYPE': 'NIFTI_GZ'}
bet.inputs.output_type = 'NIFTI_GZ'
bet.terminal_output = 'stream'

# Node: testsave.maths

maths = Node (ImageMaths (), name="maths")
maths.interface.ignore_exception = False

maths.inputs.environ = {'FSLOUTPUTTYPE': 'NIFTI_GZ'}
maths.inputs.output_type = 'NIFTI_GZ'

maths.terminal_output = 'stream'

testsave.connect (bet2, ('mask_file', func), maths, "in_file2")

testsave.connect (bet, "mask_file", maths, "in_file")
testsave.connect (testfunc, "output", maths, "op_string")

The file is ready to use and includes all the necessary imports.
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1.15 Using SPM with MATLAB Common Runtime

In order to use the standalone MCR version of spm, you need to ensure that the following commands are
executed at the beginning of your script:

from nipype.interfaces import spm
matlab_cmd = '/path/to/run_spm8.sh /path/to/Compiler_Runtime/v713/ script'
spm.SPMCommand.set_mlab_paths (matlab_cmd=matlab_cmd, use_mcr=True)

you can test by calling:

spm.SPMCommand () .version

If you want to enforce the standalone MCR version of spm for nipype globally, you can do so by setting the

following environment variables:

SPMMCRCMD Specifies the command to use to run the spm standalone MCR version. You may still override
the command as described above.

FORCE_SPMMCR Set this to any value in order to enforce the use of spm standalone MCR version in nipype
globally. Technically, this sets the use_mecr flag of the spm interface to True.

Information about the MCR version of SPMS can be found at:

http://en.wikibooks.org/wiki/SPM/Standalone

1.16 Using MIPAYV, JIST, and CBS Tools

If you are trying to use MIPAV, JIST or CBS Tools interfaces you need to configure CLASSPATH environmental
variable correctly. It needs to include extensions shipped with MIPAV, MIPAV itself and MIPAV plugins. For
example:

In order to use the standalone MCR version of spm, you need to ensure that the following commands are
executed at the beginning of your script:

# location of additional JAVA libraries to use
JAVALIB=/Applications/mipav/Jjre/Contents/Home/lib/ext/

# location of the MIPAV installation to use
MIPAV=/Applications/mipav

# location of the plugin installation to use
# please replace 'ThisUser' by your user name
PLUGINS=/Users/ThisUser/mipav/plugins

export CLASSPATH=$JAVALIB/«*:S$SMIPAV:SMIPAV/lib/*:$PLUGINS

1.17 Running Nipype Interfaces from the command line
(nipype_cmd)

The primary use of Nipype is to build automated non-interactive pipelines. However, sometimes there is a
need to run some interfaces quickly from the command line. This is especially useful when running Interfaces
wrapping code that does not have command line equivalents (nipy or SPM). Being able to run Nipype interfaces
opens new possibilities such as inclusion of SPM processing steps in bash scripts.

To run Nipype Interfaces you need to use the nipype_cmd tool that should already be installed. The tool allows
you to list Interfaces available in a certain package:

Snipype_cmd nipype.interfaces.nipy

Available Interfaces:

(continues on next page)
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(continued from previous page)

SpaceTimeRealigner
Similarity
ComputeMask

FitGLM
EstimateContrast

After selecting a particular Interface you can learn what inputs it requires:

Snipype_cmd nipype.interfaces.nipy ComputeMask --help

usage:nipype_cmd nipype.interfaces.nipy ComputeMask [-h] [--M M] [--cc CC]

[-—ignore_exception IGNORE_
—EXCEPTION]

[-—m M]

[-—reference_volume
—REFERENCE_VOLUME ]

mean_volume

Run ComputeMask
positional arguments:
mean_volume mean EPI image, used to compute the threshold for the

mask

optional arguments:

-h, --help show this help message and exit
--M M upper fraction of the histogram to be discarded
—-—cc CC Keep only the largest connected component

——ignore_exception IGNORE_EXCEPTION
Print an error message instead of throwing an
exception in case the interface fails to run
--m M lower fraction of the histogram to be discarded
——reference_volume REFERENCE_VOLUME
reference volume used to compute the mask. If none is
give, the mean volume is used.

Finally you can run run the Interface:

’$nipype_cmd nipype.interfaces.nipy ComputeMask mean.nii.gz

All that from the command line without having to start python interpreter manually.

1.18 Using Nipype with Amazon Web Services (AWS)

Several groups have been successfully using Nipype on AWS. This procedure involves setting a temporary
cluster using StarCluster and potentially transferring files to/from S3. The latter is supported by Nipype through
DataSink and S3DataGrabber.

1.18.1 Using DataSink with S3

The DataSink class now supports sending output data directly to an AWS S3 bucket. It does this through the
introduction of several input attributes to the DataSink interface and by parsing the base_directory attribute.
This class uses the boto3 and botocore Python packages to interact with AWS. To configure the DataSink to
write data to S3, the user must set the base_directory property to an S3-style filepath. For example:
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import nipype.interfaces.io as nio
ds = nio.DataSink ()
ds.inputs.base_directory = 's3://mybucket/path/to/output/dir’

With the “s3://” prefix in the path, the DataSink knows that the output directory to send files is on S3 in the bucket
“mybucket”. “path/to/output/dir” is the relative directory path within the bucket “mybucket” where output data
will be uploaded to (NOTE: if the relative path specified contains folders that don’t exist in the bucket, the
DataSink will create them). The DataSink treats the S3 base directory exactly as it would a local directory,
maintaining support for containers, substitutions, subfolders, “.” notation, etc to route output data appropriately.
There are four new attributes introduced with S3-compatibility: creds_path, encrypt_bucket_keys,

local_copy, and bucket.

ds.inputs.creds_path = '/home/user/aws_creds/credentials.csv'
ds.inputs.encrypt_bucket_keys = True
ds.local_copy = '/home/user/workflow_outputs/local_backup'

creds_path is a file path where the user’s AWS credentials file (typically a csv) is stored. This credentials
file should contain the AWS access key id and secret access key and should be formatted as one of the following
(these formats are how Amazon provides the credentials file by default when first downloaded).

Root-account user:

AWSAccessKeyID=ABCDEFGHIJKLMNOP
AWSSecretKey=zyx123wvud56/ABC890+gHiJk

IAM-user:

User Name,Access Key Id,Secret Access Key
"username", ABCDEFGHIJKLMNOP, zyx123wvu456/ABC890+gHiJk

The creds_path is necessary when writing files to a bucket that has restricted access (almost no buckets are
publicly writable). If creds_path is not specified, the DataSink will check the AWS_ACCESS_KEY_ID and
AWS_SECRET_ACCESS_KEY environment variables and use those values for bucket access.
encrypt_bucket_keys is a boolean flag that indicates whether to encrypt the output data on S3, using
server-side AES-256 encryption. This is useful if the data being output is sensitive and one desires an extra
layer of security on the data. By default, this is turned off.

local_copy is a string of the filepath where local copies of the output data are stored in addition to those sent
to S3. This is useful if one wants to keep a backup version of the data stored on their local computer. By default,
this is turned off.

bucket is a boto3 Bucket object that the user can use to overwrite the bucket specified in their
base_directory. This can be useful if one has to manually create a bucket instance on their own using
special credentials (or using a mock server like fakes3). This is typically used for developers unit-testing the
DataSink class. Most users do not need to use this attribute for actual workflows. This is an optional argument.
Finally, the user needs only to specify the input attributes for any incoming data to the node, and the outputs
will be written to their S3 bucket.

workflow.connect (inputnode, 'subject_id', ds, 'container')
workflow.connect (realigner, 'realigned_ files', ds, 'motion')

So, for example, outputs for sub001’s realigned_filel.nii.gz will be in:
s3://mybucket/path/to/output/dir/sub001/motion/realigned_file1.nii.gz

1.18.2 Using S3DataGrabber

Coming soon. . .
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1.19 Resource Scheduling and Profiling with Nipype

The latest version of Nipype supports system resource scheduling and profiling. These features allows users
to ensure high throughput of their data processing while also controlling the amount of computing resources a
given workflow will use.

1.19.1 Specifying Resources in the Node Interface

Each Node instance interface has two parameters that specify its expected thread and memory usage:
num_threads and estimated_memory_gb. If a particular node is expected to use 8 threads and 2 GB of
memory:

import nipype.pipeline.engine as pe
node = pe.Node ()
node.interface.num_threads = 8
node.interface.estimated_memory_gb = 2

If the resource parameters are never set, they default to being 1 thread and 1 GB of RAM.

1.19.2 Resource Scheduler

The MultiProc workflow plugin schedules node execution based on the resources used by the current running
nodes and the total resources available to the workflow. The plugin utilizes the plugin arguments n_procs and
memory_gb to set the maximum resources a workflow can utilize. To limit a workflow to using 8 cores and 10
GB of RAM:

args_dict = {'n_procs' : 8, 'memory_gb' : 10}
workflow.run (plugin="MultiProc', plugin_args=args_dict)

If these values are not specifically set then the plugin will assume it can use all of the processors and memory on
the system. For example, if the machine has 16 cores and 12 GB of RAM, the workflow will internally assume
those values for n_procs and memory_gb, respectively.

The plugin will then queue eligible nodes for execution based on their expected usage via the num_threads
and est imated_memory_ gb interface parameters. If the plugin sees that only 3 of its 8 processors and 4 GB
of its 10 GB of RAM are being used by running nodes, it will attempt to execute the next available node as long
as its num_threads <= 5 and estimated_memory_gb <= 6. If this is not the case, it will continue
to check every available node in the queue until it sees a node that meets these conditions, or it waits for an
executing node to finish to earn back the necessary resources. The priority of the queue is highest for nodes with
the most est imated_memory_gb followed by nodes with the most expected num_threads.

1.19.3 Runtime Profiler and using the Callback Log

It is not always easy to estimate the amount of resources a particular function or command uses. To help with
this, Nipype provides some feedback about the system resources used by every node during workflow execution
via the built-in runtime profiler. The runtime profiler is automatically enabled if the psutil Python package is
installed and found on the system.

If the package is not found, the workflow will run normally without the runtime profiler.

The runtime profiler records the number of threads and the amount of memory (GB) used as
runtime_threads and runtime_memory_gb in the Node’s result.runtime attribute. Since the
node object is pickled and written to disk in its working directory, these values are available for analysis after
node or workflow execution by manually parsing the pickle file contents.

Nipype also provides a logging mechanism for saving node runtime statistics to a JSON-style log file via the
log_nodes_cb logger function. This is enabled by setting the status_callback parameter to point to
this function in the plugin_args when using the Mult iProc plugin.
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from nipype.utils.profiler import log_nodes_cb
args_dict = {'n_procs' : 8, 'memory_gb' : 10, 'status_callback' : log_nodes_cb}

To set the filepath for the callback log the 'callback' logger must be configured.

# Set path to log file

import logging

callback_log_path = '/home/user/run_stats.log'
logger = logging.getLogger ('callback")
logger.setLevel (logging.DEBUG)

handler = logging.FileHandler (callback_log_path)
logger.addHandler (handler)

Finally, the workflow can be run.

workflow.run (plugin="'MultiProc', plugin_args=args_dict)

After the workflow finishes executing, the log file at “/home/user/run_stats.log” can be parsed for the runtime
statistics. Here is an example of what the contents would look like:

{"name":"resample_node","id":"resample_node",
"start":"2016-03-11 21:43:41.682258",
"estimated_memory_gb":2, "num_threads":1}

{"name":"resample_node","id":"resample_node",
"finish":"2016-03-11 21:44:28.357519",
"estimated_memory_gb":"2", "num_threads":"1",

"runtime_threads":"3", "runtime_memory_gb":"1.118469238281"}

Here it can be seen that the number of threads was underestimated while the amount of memory needed was
overestimated. The next time this workflow is run the user can change the node interface num_threads
and estimated_memory_gb parameters to reflect this for a higher pipeline throughput. Note, sometimes
the “runtime_threads” value is higher than expected, particularly for multi-threaded applications. Tools can
implement multi-threading in different ways under-the-hood; the profiler merely traverses the process tree to
return all running threads associated with that process, some of which may include active thread-monitoring
daemons or transient processes.

1.19.4 Visualizing Pipeline Resources

Nipype provides the ability to visualize the workflow execution based on the runtimes and system resources
each node takes. It does this using the log file generated from the callback logger after workflow execution - as
shown above. The pandas Python package is required to use this feature.

from nipype.utils.profiler import log_nodes_cb
args_dict = {'n_procs' : 8, 'memory_gb' : 10, 'status_callback' : log_nodes_cb}
workflow.run(plugin="MultiProc', plugin_args=args_dict)

# ...workflow finishes and writes callback log to '/home/user/run_stats.log'
from nipype.utils.draw_gantt_chart import generate_gantt_chart

generate_gantt_chart (' /home/user/run_stats.log', cores=38)
# ...creates gantt chart in '/home/user/run_stats.log.html'

The generate_gantt_chart function will create an html file that can be viewed in a browser. Below is an
example of the gantt chart displayed in a web browser. Note that when the cursor is hovered over any particular
node bubble or resource bubble, some additional information is shown in a pop-up.
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1.20 Sphinx extensions

To help users document their Nipype-based code, the software is shipped with a set of extensions (currently only
one) to customize the appearance and simplify the generation process.

1.20.1 nipype.sphinxext.plot_workflow — Workflow plotting extension

A directive for including a nipype workflow graph in a Sphinx document.

This code is forked from the plot_figure sphinx extension of matplotlib.

By default, in HTML output, workflow will include a .png file with a link to a high-res .png. In LaTeX output,
it will include a .pdf. The source code for the workflow may be included as inline content to the directive
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workflow:

. workflow ::
:graph2use: flat
:simple_form: no

from nipype.workflows.dmri.camino.connectivity mapping import create_
—connectivity_pipeline
wf = create_connectivity_pipeline()

For example, the following graph has been generated inserting the previous code block in this documentation:

Options

The workflow directive supports the following options:
graph2use [{ ‘hierarchical’, ‘colored’, ‘flat’, ‘orig’, ‘exec’}] Specify the type of graph to be generated.
simple_form: bool Whether the graph will be in detailed or simple form.
format [{‘python’, ‘doctest’}] Specify the format of the input
include-source [bool] Whether to display the source code. The default can be changed using the work-
flow_include_source variable in conf.py
encoding [str] If this source file is in a non-UTF8 or non-ASCII encoding, the encoding must be speci-
fied using the :rencoding: option. The encoding will not be inferred using the —x— coding —*-—
metacomment.
Additionally, this directive supports all of the options of the image directive, except for target (since workflow
will add its own target). These include alt, height, width, scale, align and class.

Configuration options

The workflow directive has the following configuration options:

graph2use Select a graph type to use

simple_form determines if the node name shown in the visualization is either of the form nodename
(package) when set to True or nodename.Class.package when set to False.

wf_include_source Default value for the include-source option

wf_html_show_source_link Whether to show a link to the source in HTML.

wf_pre_code Code that should be executed before each workflow.

wf_basedir Base directory, to which workflow: : file names are relative to. (If None or empty, file
names are relative to the directory where the file containing the directive is.)
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wf_formats
File formats to generate. List of tuples or strings:: [(suffix, dpi), suffix, ...]
that determine the file format and the DPI. For entries whose DPI was omitted, sensible defaults are
chosen. When passing from the command line through sphinx_build the list should be passed as
suffix:dpi,suffix:dpi, . ...

wf_html_show_formats Whether to show links to the files in HTML.

wf_rcparams A dictionary containing any non-standard rcParams that should be applied before each
workflow.

wf_apply_rcparams By default, rcParams are applied when context option is not used in a workflow di-
rective. This configuration option overrides this behavior and applies rcParams before each workflow.

wf_working_directory By default, the working directory will be changed to the directory of the example,
so the code can get at its data files, if any. Also its path will be added to sys.path so it can import any
helper modules sitting beside it. This configuration option can be used to specify a central directory
(also added to sys.path) where data files and helper modules for all code are located.

wf_template Provide a customized template for preparing restructured text.
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API

Release 1.1.0
Date July 04, 2018, 16:26 PDT

3.1 caching.memory

3.1.1 Module: caching.memory

Inheritance diagram for nipype.caching.memory:
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Using nipype with persistence and lazy recomputa-
tion but without explicit name-steps pipeline: getting back scope in command-line based programming.

3.1.2 Classes

Memory

class nipype.caching.memory.Memory (base_dir)
Bases: object
Memory context to provide caching for interfaces
Parameters
base_dir: string The directory name of the location for the caching

Methods
cache(interface) Returns a callable that caches the output of an in-
terface
clear previous_runs([warn]) Remove all the cache that where not used in the
latest run of the memory object: i.e.
clear_previous_runs([warn]) Remove all the cache that where not used in the

latest run of the memory object: i.e.

__init_  (base_dir)
Initialize self. See help(type(self)) for accurate signature.
cache (interface)
Returns a callable that caches the output of an interface
Parameters
interface: nipype interface The nipype interface class to be wrapped and cached
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Returns
pipe_func: a PipeFunc callable object An object that can be used as a function to apply
the interface to arguments. Inputs of the interface are given as keyword arguments,
bearing the same name as the name in the inputs specs of the interface.

Examples

>>> from tempfile import mkdtemp
>>> mem = Memory (mkdtemp ())
>>> from nipype.interfaces import fsl

Here we create a callable that can be used to apply an fsl.Merge interface to files

>>> fsl_merge = mem.cache (fsl.Merge)

Now we apply it to a list of files. We need to specify the list of input files and the dimension along
which the files should be merged.

>>> results = fsl_merge(in_files=['a.nii', 'b.nii'],

dimension='t")

We can retrieve the resulting file from the outputs: >>> results.outputs.merged_file # doctest: +SKIP
clear_ previous_runs (warn=True)
Remove all the cache that where not used in the latest run of the memory object: i.e. since the
corresponding Python object was created.
Parameters
warn: boolean, optional If true, echoes warning messages for all directory removed
clear_runs_since (day=None, month=None, year=None, warn=True)
Remove all the cache that where not used since the given date
Parameters
day, month, year: integers, optional The integers specifying the latest day (in localtime)
that a node should have been accessed to be kept. If not given, the current date is used.
warn: boolean, optional If true, echoes warning messages for all directory removed

PipeFunc

class nipype.caching.memory.PipeFunc (interface, base_dir, callback=None)
Bases: object
Callable interface to nipype.interface objects
Use this to wrap nipype.interface object and call them specifying their input with keyword arguments:

fsl_merge = PipeFunc(fsl.Merge, base_dir="'.")

out = fsl_merge(in_files=files, dimension='t")
Methods
__call__ (**kwargs) Call self as a function.
__init__ (interface, base_dir, callback=None)
Parameters

interface: a nipype interface class The interface class to wrap
base_dir: a string The directory in which the computation will be stored
callback: a callable An optional callable called each time after the function is called.
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3.1.3 Functions

nipype.caching.memory.read_log (filename, run_dict=None)
nipype.caching.memory.rm_all_but (base_dir, dirs_to_keep, warn=False)
Remove all the sub-directories of base_dir, but those listed
Parameters
base_dir: string The base directory
dirs_to_keep: set The names of the directories to keep

3.2 conftest

3.2.1 Module: conftest
3.2.2 Functions

nipype.conftest.add_np (doctest_namespace)
nipype.conftest.in_testing (request)

3.3 interfaces.matlab

3.3.1 Module: interfaces.matlab

Inheritance diagram for nipype.interfaces.matlab:

- @ T o & TS T

<o @& & &=

General matlab interface code

3.3.2 Classes

MatlabCommand

class nipype.interfaces.matlab.MatlabCommand (matlab_cmd=None, **inputs)

Bases: nipype.interfaces.base.core.CommandLine
Interface that runs matlab code

>>> import nipype.interfaces.matlab as matlab

>>> mlab.inputs.script = "which ('who')"
>>> out = mlab.run{()

>>> mlab = matlab.MatlabCommand (mfile=False) # don't write script file

Attributes
always_run
can_resume
cmd sets base command, immutable
cmdline command plus any arguments (args)
output_spec
terminal_output
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version

Methods

aggregate_output s([runtime,
needed_outputs])

Collate expected outputs and check for existence

he1p([returnhelp])

Prints class help

input_spec

alias of Mat labInputSpec

load inputs_from_json(json_file[,
write])

over-

A convenient way to load pre-set inputs from a
JSON file.

run([cwd, ignore_exception])

Execute this interface.

save_inputs_to_ json(json_file)

A convenient way to save current inputs to a JSON
file.

set_default_matlab_cmd(matlab_cmd)

Set the default MATLAB command line for MAT-
LAB classes.

set_default_mfile(mfile)

Set the default MATLAB script file format for
MATLAB classes.

set_default_paths(paths)

Set the default MATLAB paths for MATLAB
classes.

set_default_terminal_output(output_typdet the default terminal output for CommandLine

Interfaces.

raise_exception

version_from_command

__init__ (matlab_cmd=None, **inputs)

initializes interface to matlab (default ‘matlab -nodesktop -nosplash’)
aggregate_outputs (runtime=None, needed_outputs=None)
Collate expected outputs and check for existence

always_run
can_resume
cmd
sets base command, immutable
cmdline

command plus any arguments (args) validates arguments and generates command line

classmethod help (returnhelp=False)
Prints class help

input_spec
alias of Mat labInputSpec

load_inputs_from_json (json_file, overwrite=True)
A convenient way to load pre-set inputs from a JSON file.

output_spec = None
raise_exception (runtime)
references_ = []
resource_monitor = True

run (cwd=None, ignore_exception=None, **inputs)

Execute this interface.

This interface will not raise an exception if runtime.returncode is non-zero.

Parameters

cwd [specify a folder where the interface should be run]
inputs [allows the interface settings to be updated]

Returns

results [an InterfaceResult object containing a copy of the instance]

3.3. interfaces.matlab
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that was executed, provenance information and, if successful, results

save_inputs_to_json (json_file)

A convenient way to save current inputs to a JSON file.
classmethod set_default_matlab_cmd (matlab_cmd)

Set the default MATLAB command line for MATLAB classes.

This method is used to set values for all MATLAB subclasses. However, setting this will not update

the output type for any existing instances. For these, assign the <instance>.inputs.matlab_cmd.
classmethod set_default_mfile (mfile)

Set the default MATLAB script file format for MATLAB classes.

This method is used to set values for all MATLAB subclasses. However, setting this will not update

the output type for any existing instances. For these, assign the <instance>.inputs.mfile.
classmethod set_default_paths (paths)

Set the default MATLAB paths for MATLAB classes.

This method is used to set values for all MATLAB subclasses. However, setting this will not update

the output type for any existing instances. For these, assign the <instance>.inputs.paths.
classmethod set_default_terminal_output (output_type)
Set the default terminal output for CommandLine Interfaces.

This method is used to set default terminal output for CommandLine Interfaces.
ting this will not update the output type for any existing instances.

stance>.terminal_output.
terminal_output
version

version_from command (flag="-v’, cmd=None)

MatlabInputSpec

class nipype.interfaces.matlab.MatlabInputSpec (**kwargs)
Bases: nipype.interfaces.base.specs.CommandLineInputSpec

Basic expected inputs to Matlab interface

Methods

add_class_trait(name, *trait)

Adds a named trait attribute to this class.

add_t rait(name, *trait)

Adds a trait attribute to this object.

add_trait_category(category)

Adds a trait category to a class.

all_trait_names()

Returns the list of all trait names, including im-
plicitly defined traits.

base_ trait(name)

Returns the base trait definition for a trait attribute.

class_default_traits_view()

Returns the name of the default traits view for the
class.

class_editable traits()

Returns an alphabetically sorted list of the names
of non-event trait attributes associated with the
current class.

class_trait_names(**metadata)

Returns a list of the names of all trait attributes
whose definitions match the set of metadata crite-
ria specified.

class_trait_view_elements()

Returns the ViewElements object associated with
the class.

class_traits(**metadata)

Returns a dictionary containing the definitions of
all of the trait attributes of the class that match the
set of metadata criteria.

Continued on next page
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Table 4 — continued from previous page

class_visible traits()

Returns an alphabetically sorted list of the names
of non-event trait attributes associated with the
current class, that should be GUI visible

clone_traits([traits, memo, copy])

Clones a new object from this one, optionally
copying only a specified set of traits.

configure_ traits([filename, view, kind,

=D

Creates and displays a dialog box for editing val-
ues of trait attributes, as if it were a complete, self-
contained GUI application.

copy_trait s(other|, traits, memo, copy])

Copies another object’s trait attributes into this
one.

copyable trait_names(**metadata)

Returns the list of trait names to copy or clone by
default.

default_traits_view()

Returns the name of the default traits view for the
object’s class.

edit_traits([view, parent, kind, context,

=D

Displays a user interface window for editing trait
attribute values.

editable_traits()

Returns an alphabetically sorted list of the names
of non-event trait attributes associated with the
current object.

get(**kwargs)

Returns traited class as a dict

get__hashval([hash_method])

Return a dictionary of our items with hashes for
each file.

get_traitsfree(**kwargs)

Returns traited class as a dict

has_metadata(name, metadata[, value, recur-
sive])

Return has_metadata for the requested trait name
in this interface

has_traits_interface(*interfaces)

Returns whether the object implements a specified
traits interface.

items()

Name, trait generator for user modifiable traits

on_trait_change(handler[, name, remove,

=D

Causes the object to invoke a handler whenever a
trait attribute matching a specified pattern is mod-
ified, or removes the association.

on_trait_event(handler]|,

=D

name, remove,

Causes the object to invoke a handler whenever a
trait attribute matching a specified pattern is mod-
ified, or removes the association.

print_traits([show_help])

Prints the values of all explicitly-defined, non-
event trait attributes on the current object, in an
easily readable format.

remove_ trait(name)

Removes a trait attribute from this object.

reset_ traits([traits])

Resets some or all of an object’s trait attributes to
their default values.

set([trait_change_notify])

Shortcut for setting object trait attributes.

set_trait_dispatch_handler(name,
klass[, ...])

Sets a trait notification dispatch handler.

sync_trait(trait_name, object[, alias, ...])

Synchronizes the value of a trait attribute on this
object with a trait attribute on another object.

t ra it(name[, force, copy])

Returns the trait definition for the name trait at-
tribute.

trait_context()

Returns the default context to use for editing or
configuring traits.

trait_get(**kwargs)

Returns traited class as a dict

trait_items_event(event_trait,name,items_event)

Continued on next page
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Table 4 — continued from previous page

trait_monitor(handler[, remove])

Adds or removes the specified handler from the
list of active monitors.

trait_names(**metadata)

Returns a list of the names of all trait attributes
whose definitions match the set of metadata crite-
ria specified.

trait_property_ changed(...)

trait_ set([trait_change_notify])

Shortcut for setting object trait attributes.

trait_setqg(**traits)

Shortcut for setting object trait attributes.

trait_subclasses([all])

Returns a list of the immediate (or all) subclasses
of this class.

trait_view([name, view_element])

Gets or sets a ViewElement associated with an ob-
ject’s class.

trait_view_ elements()

Returns the ViewElements object associated with
the object’s class.

trait_views([klass])

Returns a list of the names of all view elements
associated with the current object’s class.

t raits(**metadata)

Returns a dictionary containing the definitions of
all of the trait attributes of this object that match
the set of metadata criteria.

traits_init()

traits_ inited([True])

validate_ trait(name, value)

Validates whether a value is legal for a trait.

visible traits()

Returns an alphabetically sorted list of the names
of non-event trait attributes associated with the
current object, that should be GUI visible

add_trait_listener

class_trait_view

remove_trait_listener

__init__ (**kwargs)
Initialize handlers and inputs

classmethod add_class_trait (name, *trait)

Adds a named trait attribute to this
Parameters

class.

name [str] Name of the attribute to add.
*trait : A trait or a value that can be converted to a trait using Trait() Trait definition of
the attribute. It can be a single value or a list equivalent to an argument list for the Trait()

function.
add_trait (name, *trait)
Adds a trait attribute to this object.
Parameters

name [str] Name of the attribute to add.

*trait : Trait or a value that
If more than one value is
Trait().

can be converted to a trait by Trait(). Trait definition for name.
specified, it is equivalent to passing the entire list of values to

classmethod add trait_category (category)

Adds a trait category to a class.

add_trait_listener (object, prefix="")

all trait_names ()

Returns the list of all trait names, including implicitly defined traits.

base_trait (name)
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Returns the base trait definition for a trait attribute.
Parameters
name [str] Name of the attribute whose trait definition is returned.
classmethod class_default_traits_view()
Returns the name of the default traits view for the class.
classmethod class_editable traits ()
Returns an alphabetically sorted list of the names of non-event trait attributes associated with the
current class.
classmethod class_trait_names (**metadata)
Returns a list of the names of all trait attributes whose definitions match the set of metadata criteria
specified.
Parameters
**metadata : Criteria for selecting trait attributes.
classmethod class_trait_view (name=None, view_element=None)
classmethod class_trait_view_elements ()
Returns the ViewElements object associated with the class.
The returned object can be used to access all the view elements associated with the class.
classmethod class_traits (**metadata)
Returns a dictionary containing the definitions of all of the trait attributes of the class that match the
set of metadata criteria.
Parameters
**metadata : Criteria for selecting trait attributes.
classmethod class_visible_ traits /()
Returns an alphabetically sorted list of the names of non-event trait attributes associated with the
current class, that should be GUI visible
clone_traits (traits=None, memo=None, copy=None, **metadata)
Clones a new object from this one, optionally copying only a specified set of traits.
Parameters
traits [list of strings] The list of names of the trait attributes to copy.
memo [dict] A dictionary of objects that have already been copied.
copy [str] The type of copy deep or shallow to perform on any trait that does not have
explicit ‘copy’ metadata. A value of None means ‘copy reference’.
Returns
new : The newly cloned object.
configure_traits (filename=None, view=None, kind=None, edit=True, context=None, han-

dler=None, id=", scrollable=None, **args)
Creates and displays a dialog box for editing values of trait attributes, as if it were a complete, self-

contained GUI application.
Parameters

filename [str] The name (including path) of a file that contains a pickled representation of
the current object. When this parameter is specified, the method reads the corresponding
file (if it exists) to restore the saved values of the object’s traits before displaying them.
If the user confirms the dialog box (by clicking OK), the new values are written to the
file. If this parameter is not specified, the values are loaded from the in-memory object,
and are not persisted when the dialog box is closed.

view [View or str] A View object (or its name) that defines a user interface for editing
trait attribute values of the current object. If the view is defined as an attribute on this
class, use the name of the attribute. Otherwise, use a reference to the view object. If this
attribute is not specified, the View object returned by trait_view() is used.

kind [str] The type of user interface window to create. See the traitsui.view.kind_trait
trait for values and their meanings. If kind is unspecified or None, the kind attribute of
the View object is used.

edit [bool] Indicates whether to display a user interface. If filename specifies an existing
file, setting edit to False loads the saved values from that file into the object without

3.3. interfaces.matlab 57



nipype Documentation, Release 1.1.0

requiring user interaction.
context [object or dictionary] A single object or a dictionary of string/object pairs, whose
trait attributes are to be edited. If not specified, the current object is used
handler [Handler] A handler object used for event handling in the dialog box. If None,
the default handler for Traits Ul is used.
id [str] A unique ID for persisting preferences about this user interface, such as size and
position. If not specified, no user preferences are saved.
scrollable [bool] Indicates whether the dialog box should be scrollable. When set to True,
scroll bars appear on the dialog box if it is not large enough to display all of the items in
the view at one time.
Returns
True on success.
copy_traits (other, traits=None, memo=None, copy=None, **metadata)
Copies another object’s trait attributes into this one.
Parameters
other [object] The object whose trait attribute values should be copied.
traits [list of strings] A list of names of trait attributes to copy. If None or unspecified, the
set of names returned by trait_names() is used. If ‘all’ or an empty list, the set of names
returned by all_trait_names() is used.
memo [dict] A dictionary of objects that have already been copied.
copy [None | ‘deep’ | ‘shallow’] The type of copy to perform on any trait that does not
have explicit ‘copy’ metadata. A value of None means ‘copy reference’.
Returns
unassignable [list of strings] A list of attributes that the method was unable to copy, which
is empty if all the attributes were successfully copied.
copyable_trait_names (**metadata)
Returns the list of trait names to copy or clone by default.
default_traits_view ()
Returns the name of the default traits view for the object’s class.
edit_traits (view=None, parent=None, kind=None, context=None, handler=None, id=", scrol-

lable=None, **args)
Displays a user interface window for editing trait attribute values.

Parameters

view [View or string] A View object (or its name) that defines a user interface for editing
trait attribute values of the current object. If the view is defined as an attribute on this
class, use the name of the attribute. Otherwise, use a reference to the view object. If this
attribute is not specified, the View object returned by trait_view() is used.

parent [toolkit control] The reference to a user interface component to use as the parent
window for the object’s UI window.

kind [str] The type of user interface window to create. See the traitsui.view.kind_trait
trait for values and their meanings. If kind is unspecified or None, the kind attribute of
the View object is used.

context [object or dictionary] A single object or a dictionary of string/object pairs, whose
trait attributes are to be edited. If not specified, the current object is used.

handler [Handler] A handler object used for event handling in the dialog box. If None,
the default handler for Traits Ul is used.

id [str] A unique ID for persisting preferences about this user interface, such as size and
position. If not specified, no user preferences are saved.

scrollable [bool] Indicates whether the dialog box should be scrollable. When set to True,
scroll bars appear on the dialog box if it is not large enough to display all of the items in
the view at one time.

Returns
A UI object.
editable traits()
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Returns an alphabetically sorted list of the names of non-event trait attributes associated with the
current object.
get (**kwargs)
Returns traited class as a dict
Augments the trait get function to return a dictionary without notification handles
get_hashval (hash_method=None)
Return a dictionary of our items with hashes for each file.
Searches through dictionary items and if an item is a file, it calculates the md5 hash of the file contents
and stores the file name and hash value as the new key value.
However, the overall bunch hash is calculated only on the hash value of a file. The path and name of
the file are not used in the overall hash calculation.
Returns
list_withhash [dict] Copy of our dictionary with the new file hashes included with each
file.
hashvalue [str] The md5 hash value of the traited spec
get_traitsfree (**kwargs)
Returns traited class as a dict
Augments the trait get function to return a dictionary without any traits. The dictionary does not
contain any attributes that were Undefined
has_metadata (name, metadata, value=None, recursive=True)
Return has_metadata for the requested trait name in this interface
has_traits_interface (*interfaces)
Returns whether the object implements a specified traits interface.
Parameters
*interfaces : One or more traits Interface (sub)classes.
items ()
Name, trait generator for user modifiable traits
on_trait_change (handler, name=None, remove=False, dispatch="same’, priority=False, de-

ferred=False, target=None)
Causes the object to invoke a handler whenever a trait attribute matching a specified pattern is modi-

fied, or removes the association.
Parameters

handler [function] A trait notification function for the name trait attribute, with one of the
signatures described below.

name [str] The name of the trait attribute whose value changes trigger the notification.
The name can specify complex patterns of trait changes using an extended name syntax,
which is described below.

remove [bool] If True, removes the previously-set association between handler and name;
if False (the default), creates the association.

dispatch [str] A string indicating the thread on which notifications must be run. Possible
values are:

value| dispatch

same| Run notifications on the same thread as this one.

ui Run notifications on the Ul thread. If the current thread is the Ul thread, the
notifications are executed immediately; otherwise, they are placed on the Ul
event queue.

fast]| Wilias for ui.

new | Run notifications in a new thread.

on_trait_event (handler, name=None, remove=False, dispatch="same’, priority=False, de-

ferred=False, target=None)
Causes the object to invoke a handler whenever a trait attribute matching a specified pattern is modi-

fied, or removes the association.
Parameters
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handler [function] A trait notification function for the name trait attribute, with one of the
signatures described below.

name [str] The name of the trait attribute whose value changes trigger the notification.
The name can specify complex patterns of trait changes using an extended name syntax,
which is described below.

remove [bool] If True, removes the previously-set association between handler and name;
if False (the default), creates the association.

dispatch [str] A string indicating the thread on which notifications must be run. Possible
values are:

value| dispatch
same| Run notifications on the same thread as this one.

ui Run notifications on the Ul thread. If the current thread is the UI thread, the

notifications are executed immediately; otherwise, they are placed on the Ul
event queue.

fast]| Wiias for ui.
new | Run notifications in a new thread.

package_version = <Version('1.1.0')>
print_traits (show_help=False, **metadata)
Prints the values of all explicitly-defined, non-event trait attributes on the current object, in an easily
readable format.
Parameters
show_help [bool] Indicates whether to display additional descriptive information.
remove_trait (name)
Removes a trait attribute from this object.
Parameters
name [str] Name of the attribute to remove.
Returns
result [bool] True if the trait was successfully removed.
remove_trait_listener (object, prefix="")
reset_traits (traits=None, **metadata)
Resets some or all of an object’s trait attributes to their default values.
Parameters

traits [list of strings] Names of trait attributes to reset.
Returns

unresetable [list of strings] A list of attributes that the method was unable to reset, which
is empty if all the attributes were successfully reset.
set (trait_change_notify=True, **traits)
Shortcut for setting object trait attributes.
Parameters
trait_change_notify [bool] If True (the default), then each value assigned may generate
a trait change notification. If False, then no trait change notifications will be generated.
(see also: trait_setq)
**traits : Key/value pairs, the trait attributes and their values to be set
Returns
self : The method returns this object, after setting attributes.
classmethod set_trait_dispatch_handler (name, klass, override=False)
Sets a trait notification dispatch handler.
sync_trait (trait_name, object, alias=None, mutual=True, remove=False)

Synchronizes the value of a trait attribute on this object with a trait attribute on another object.
Parameters

name [str] Name of the trait attribute on this object.
object [object] The object with which to synchronize.
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alias [str] Name of the trait attribute on other; if None or omitted, same as name.
mutual [bool or int] Indicates whether synchronization is mutual (True or non-zero) or
one-way (False or zero)
remove [bool or int] Indicates whether synchronization is being added (False or zero) or
removed (True or non-zero)
trait (name, force=False, copy=False)
Returns the trait definition for the name trait attribute.
Parameters
name [str] Name of the attribute whose trait definition is to be returned.
force [bool] Indicates whether to return a trait definition if name is not explicitly defined.
copy [bool] Indicates whether to return the original trait definition or a copy.
trait_context ()
Returns the default context to use for editing or configuring traits.
trait_get (**kwargs)
Returns traited class as a dict
Augments the trait get function to return a dictionary without notification handles
trait_items_event (event_trait, name, items_event)
classmethod trait_monitor (handler, remove=Fualse)
Adds or removes the specified handler from the list of active monitors.
Parameters
handler [function] The function to add or remove as a monitor.
remove [bool] Flag indicating whether to remove (True) or add the specified handler as a
monitor for this class.
trait_names (**metadata)
Returns a list of the names of all trait attributes whose definitions match the set of metadata criteria
specified.
Parameters
**metadata : Criteria for selecting trait attributes.
trait_property_changed (name, old_value[, new_value])
trait_set (trait_change_notify=True, **traits)
Shortcut for setting object trait attributes.
Parameters
trait_change_notify [bool] If True (the default), then each value assigned may generate
a trait change notification. If False, then no trait change notifications will be generated.
(see also: trait_setq)
**traits : Key/value pairs, the trait attributes and their values to be set
Returns
self : The method returns this object, after setting attributes.
trait_setq (**traits)
Shortcut for setting object trait attributes.
Parameters
**traits : Key/value pairs, the trait attributes and their values to be set. No trait change
notifications will be generated for any values assigned (see also: trait_set).
Returns
self : The method returns this object, after setting attributes.
classmethod trait_subclasses (all=False)
Returns a list of the immediate (or all) subclasses of this class.
Parameters
all [bool] Indicates whether to return all subclasses of this class. If False, only immediate
subclasses are returned.
trait_view (name=None, view_element=None)
Gets or sets a ViewElement associated with an object’s class.
Parameters
name [str] Name of a view element
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view_element [ViewElement] View element to associate
Returns
A view element.
trait_view_elements ()
Returns the ViewElements object associated with the object’s class.
The returned object can be used to access all the view elements associated with the class.
trait_views (klass=None)
Returns a list of the names of all view elements associated with the current object’s class.
Parameters
klass [class] A class, such that all returned names must correspond to instances of this
class. Possible values include:
Group
Item
View
ViewElement
ViewSubElement
traits (**metadata)
Returns a dictionary containing the definitions of all of the trait attributes of this object that match the
set of metadata criteria.
Parameters
**metadata : Criteria for selecting trait attributes.
traits_init ()
traits_inited( [True ] )
validate_trait (name, value)
Validates whether a value is legal for a trait.
Returns the validated value if it is valid.
visible traits()
Returns an alphabetically sorted list of the names of non-event trait attributes associated with the
current object, that should be GUI visible
wrappers = {'extended': <class 'traits.trait_notifiers.ExtendedTraitChangeNotifyW:

3.3.3 Function

nipype.interfaces.matlab.get_matlab_command ()

3.4

pipeline.engine.base

3.4.1 Module: pipeline.engine.base

Inheritance diagram for nipype.pipeline.engine.base:

faces

Defines functionality for pipelined execution of inter-

The EngineBase class implements the more general view of a task.
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3.4.2 EngineBase

class nipype.pipeline.engine.base.EngineBase (name=None, base_dir=None)
Bases: object
Defines common attributes and functions for workflows and nodes.
Attributes
fullname
inputs
name
outputs

Methods

clone(name) Clone an EngineBase object

load
save

__init__ (name=None, base_dir=None)
Initialize base parameters of a workflow or node

Parameters
name [string (mandatory)] Name of this node. Name must be alphanumeric and not con-
tain any special characters (e.g., ‘", ‘@”).

base_dir [string] base output directory (will be hashed before creations) default=None,
which results in the use of mkdtemp
clone (name)
Clone an EngineBase object
Parameters

name [string (mandatory)] A clone of node or workflow must have a new name
fullname
inputs
load (filename)
name
outputs
save (filename=None)

3.5 pipeline.engine.nodes

3.5.1 Module: pipeline.engine.nodes

Inheritance diagram for nipype.pipeline.engine.nodes:
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Defines functionality for pipelined execution of interfaces
The Node class provides core functionality for batch processing.

3.5.2 Classes

JoinNode

class nipype.pipeline.engine.nodes.JoinNode (inferface,

Bases: nipype.pipeline.engine.nodes.Node
Wraps interface objects that join inputs into a list.

Examples

name,

Jjoin-

Jjoinsource,
field=None, unique=False, **kwargs)

>>>
>>>

import nipype.pipeline.engine as pe
from nipype import Node, JoinNode, Workflow

>>>

name='"inputspec')
inputspec.iterables = [('image',
["imgl.nii"',

>>>

'img2.nii"',

joinfield="'images',

>>> wf.connect (img2flt, 'out_file', average, 'images')
>>> realign = Node (fsl.FLIRT (), name='realign')
>>> wf.connect (img2flt, 'out_file', realign, 'in file')

>>> from nipype.interfaces import (ants, dcm2nii, f£fsl)
>>> wf = Workflow (name='"'preprocess')
>>> inputspec = Node (IdentityInterface(fields=['image']),

>>> img2flt = Node (fsl.ImageMaths (out_data_type='float'),
.. name="img2flt")

>>> wf.connect (inputspec, 'image', img2flt, 'in file')

>>> average = JoinNode (ants.Averagelmages(),

from nipype.interfaces.utility import IdentityInterface

'img3.nii'])]

joinsource='inputspec',
name="average')

'reference')

>>> wf.connect (average, 'output_average_image', realign,
>>> strip = Node (fsl.BET (), name='strip')
>>> wf.connect (realign, 'out_file', strip, 'in_ file')
Attributes
fullname

inputs The JoinNode inputs include the join field overrides.
interface Return the underlying interface object
itername Name for expanded iterable

joinsource

mem_gb Get estimated memory (GB)
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n_procs Get the estimated number of processes/threads
name

needed_outputs

outputs Return the output fields of the underlying interface
result Get result from result file (do not hold it in memory)

Methods
clone(name) Clone an EngineBase object
get_output(parameter) Retrieve a particular output of the node
hash_exists([updatehash]) Decorate the new is_cached method with hash up-
dating to maintain backwards compatibility.
help() Print interface help
is_cached([rm_outdated]) Check if the interface has been run previously, and
whether cached results are up-to-date.
output_dir() Return the location of the output directory for the
node
run([updatehash]) Execute the node in its directory.
set_ input(parameter, val) Set interface input value
update(**opts) Update inputs
load
save

__init__ (interface, name, joinsource, joinfield=None, unique=False, **kwargs)
Parameters
interface [interface object] node specific interface (fsl.Bet(), spm.Coregister())
name [alphanumeric string] node specific name
joinsource [node name] name of the join predecessor iterable node
joinfield [string or list of strings] name(s) of list input fields that will be aggregated. The
default is all of the join node input fields.
unique [flag indicating whether to ignore duplicate input values]
See Node docstring for additional keyword arguments.
clone (name)
Clone an EngineBase object
Parameters
name [string (mandatory)] A clone of node or workflow must have a new name
fullname
get_output (parameter)
Retrieve a particular output of the node
hash_exists (updatehash=False)
Decorate the new is_cached method with hash updating to maintain backwards compatibility.
help ()
Print interface help
inputs
The JoinNode inputs include the join field overrides.
interface
Return the underlying interface object
is_cached (rm_outdated=False)
Check if the interface has been run previously, and whether cached results are up-to-date.
itername
Name for expanded iterable
joinfield = None
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the fields to join
joinsource

the join predecessor iterable node
load (filename)
mem_gb

Get estimated memory (GB)
n_procs

Get the estimated number of processes/threads
name
needed_outputs
output_dir ()

Return the location of the output directory for the node
outputs

Return the output fields of the underlying interface
result

Get result from result file (do not hold it in memory)
run (updatehash=False)

Execute the node in its directory.

Parameters
updatehash: boolean When the hash stored in the output directory as a result of a previ-
ous run does not match that calculated for this execution, updatehash=True only updates
the hash without re-running.

save (filename=None)
set_input (parameter, val)

Set interface input value
update ( **opts)

Update inputs

MapNode

class nipype.pipeline.engine.nodes.MapNode (interface, iterfield, name, serial=False,

nested=False, **kwargs)
Bases: nipype.pipeline.engine.nodes.Node

Wraps interface objects that need to be iterated on a list of inputs.

Examples

>>> from nipype import MapNode

>>> from nipype.interfaces import fsl

>>> realign = MapNode (fs1.MCFLIRT (), 'in_file', 'realign')
>>> realign.inputs.in_file = ['functional.nii',
'functional2.nii',
'functional3.nii']

>>> realign.run/()

Attributes
fullname
inputs Return the inputs of the underlying interface
interface Return the underlying interface object
itername Name for expanded iterable
mem_gb Get estimated memory (GB)
n_procs Get the estimated number of processes/threads
name
needed_outputs
outputs Return the output fields of the underlying interface
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result Get result from result file (do not hold it in memory)

Methods

clone(name) Clone an EngineBase object

get_output(parameter) Retrieve a particular output of the node

get_subnodes() Generate subnodes of a mapnode and write pre-
execution report

hash_exists([updatehash]) Decorate the new is_cached method with hash up-
dating to maintain backwards compatibility.

help() Print interface help

is_cached([rm_outdated]) Check if the interface has been run previously, and
whether cached results are up-to-date.

num_subnodes() Get the number of subnodes to iterate in this
MapNode

output_dir() Return the location of the output directory for the
node

run([updatehash]) Execute the node in its directory.

set_ input(parameter, val) Set interface input value or nodewrapper attribute
Priority goes to interface.

update(**opts) Update inputs
load
save

__init__ (interface, iterfield, name, serial=False, nested=False, **kwargs)
Parameters
interface [interface object] node specific interface (fsl.Bet(), spm.Coregister())
iterfield [string or list of strings] name(s) of input fields that will receive a list of whatever
kind of input they take. the node will be run separately for each value in these lists.
for more than one input, the values are paired (i.e. it does not compute a combinatorial
product).
name [alphanumeric string] node specific name
serial [boolean] flag to enforce executing the jobs of the mapnode in a serial manner rather
than parallel
nested [boolean] support for nested lists. If set, the input list will be flattened before
running and the nested list structure of the outputs will be resored.
See Node docstring for additional keyword arguments.
clone (name)
Clone an EngineBase object
Parameters
name [string (mandatory)] A clone of node or workflow must have a new name
fullname
get_output (parameter)
Retrieve a particular output of the node
get_subnodes ()
Generate subnodes of a mapnode and write pre-execution report
hash_exists (updatehash=False)
Decorate the new is_cached method with hash updating to maintain backwards compatibility.
help ()
Print interface help
inputs
Return the inputs of the underlying interface

3.5. pipeline.engine.nodes
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interface
Return the underlying interface object
is_cached (rm_outdated=False)
Check if the interface has been run previously, and whether cached results are up-to-date.
itername
Name for expanded iterable
load (filename)
mem_gb
Get estimated memory (GB)
n_procs
Get the estimated number of processes/threads
name
needed_outputs
num_subnodes ()
Get the number of subnodes to iterate in this MapNode
output_dir ()
Return the location of the output directory for the node
outputs
Return the output fields of the underlying interface
result
Get result from result file (do not hold it in memory)
run (updatehash=False)
Execute the node in its directory.
Parameters
updatehash: boolean When the hash stored in the output directory as a result of a previ-
ous run does not match that calculated for this execution, updatehash=True only updates
the hash without re-running.
save (filename=None)
set_input (parameter, val)
Set interface input value or nodewrapper attribute Priority goes to interface.
update ( **opts)
Update inputs

Node

class nipype.pipeline.engine.nodes.Node (interface, name, iterables=None, iter-
source=None,  synchronize=False, over-
write=None, needed_outputs=None,
run_without_submitting=False,

n_procs=None, mem_gb=0.2, **kwargs)
Bases: nipype.pipeline.engine.base.EngineBase

Wraps interface objects for use in pipeline

A Node creates a sandbox-like directory for executing the underlying interface. It will copy or link inputs
into this directory to ensure that input data are not overwritten. A hash of the input state is used to determine
if the Node inputs have changed and whether the node needs to be re-executed.

Examples

>>> from nipype import Node

>>> from nipype.interfaces import spm

>>> realign = Node (spm.Realign(), 'realign')
>>> realign.inputs.in_files = 'functional.nii'
>>> realign.inputs.register_to_mean = True
>>> realign.run()
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Attributes
fullname
inputs Return the inputs of the underlying interface
interface Return the underlying interface object
itername Name for expanded iterable
mem_gb Get estimated memory (GB)
n_procs Get the estimated number of processes/threads
name
needed_outputs
outputs Return the output fields of the underlying interface
result Get result from result file (do not hold it in memory)

Methods
clone(name) Clone an EngineBase object
get_output(parameter) Retrieve a particular output of the node
hash_exists([updatehash]) Decorate the new is_cached method with hash up-
dating to maintain backwards compatibility.
help() Print interface help
is_cached([rm_outdated]) Check if the interface has been run previously, and
whether cached results are up-to-date.
output_dir() Return the location of the output directory for the
node
run([updatehash]) Execute the node in its directory.
set_ input(parameter, val) Set interface input value
update(**opts) Update inputs
load
save

__init__ (interface, name, iterables=None, itersource=None, synchronize=False, over-
write=None, needed_outputs=None, run_without_submitting=False, n_procs=None,
mem_gb=0.2, **kwargs)

Parameters
interface [interface object] node specific interface (fsl.Bet(), spm.Coregister())
name [alphanumeric string] node specific name
iterables [generator] Input field and list to iterate using the pipeline engine for example
to iterate over different frac values in fsl.Bet() for a single field the input can be a tuple,
otherwise a list of tuples

node.iterables = ('frac',[0.5,0.6,0.71)
node.iterables [("fwhm', [2,4]), ("fieldx',[0.5,0.6,0.7]1)]1]

If this node has an itersource, then the iterables values is a dictionary which maps an
iterable source field value to the target iterables field values, e.g.:

inputspec.iterables = ('images', ['imgl.nii', 'img2.nii']])

node.itersource = ('inputspec', ['frac'])

node.iterables = ('frac', {'imgl.nii': [0.5, 0.6],
'img2.nii': [0.6, 0.7]})

If this node’s synchronize flag is set, then an alternate form of the iterables is a [fields,
values] list, where fields is the list of iterated fields and values is the list of value tuples
for the given fields, e.g.:
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node.synchronize = True
node.iterables = [('frac', 'threshold'"),
[(0.5, True),
(0.6, False)]]

itersource: tuple The (name, fields) iterables source which specifies the name of the pre-
decessor iterable node and the input fields to use from that source node. The output field
values comprise the key to the iterables parameter value mapping dictionary.

synchronize: boolean Flag indicating whether iterables are synchronized. If the iterables
are synchronized, then this iterable node is expanded once per iteration over all of the
iterables values. Otherwise, this iterable node is expanded once per each permutation of
the iterables values.

overwrite [Boolean] Whether to overwrite contents of output directory if it already exists.
If directory exists and hash matches it assumes that process has been executed

needed_outputs [list of output_names] Force the node to keep only specific outputs. By
default all outputs are kept. Setting this attribute will delete any output files and directo-
ries from the node’s working directory that are not part of the needed_outputs.

run_without_submitting [boolean] Run the node without submitting to a job engine or

to a multiprocessing pool

clone (name)

Clone an EngineBase object

Parameters
name [string (mandatory)] A clone of node or workflow must have a new name

fullname
get_output (parameter)

Retrieve a particular output of the node
hash_exists (updatehash=False)

Decorate the new is_cached method with hash updating to maintain backwards compatibility.
help ()

Print interface help
inputs

Return the inputs of the underlying interface
interface

Return the underlying interface object
is_cached (rm_outdated=False)

Check if the interface has been run previously, and whether cached results are up-to-date.
itername

Name for expanded iterable
load (filename)
mem_gb

Get estimated memory (GB)
n_procs

Get the estimated number of processes/threads
name
needed_outputs
output_dir ()

Return the location of the output directory for the node
outputs

Return the output fields of the underlying interface
result

Get result from result file (do not hold it in memory)
run (updatehash=False)

Execute the node in its directory.

Parameters
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updatehash: boolean When the hash stored in the output directory as a result of a previ-
ous run does not match that calculated for this execution, updatehash=True only updates
the hash without re-running.
save (filename=None)
set_input (parameter, val)
Set interface input value
update ( **opts)
Update inputs

3.6 pipeline.engine.utils

3.6.1 Module: pipeline.engine.utils

Utility routines for workflow graphs

3.6.2 Functions

nipype.pipeline.engine.utils.clean_working directory (outputs, cwd, inputs,
needed_outputs, con-
fig, files2keep=None,

dirs2keep=None)
Removes all files not needed for further analysis from the directory

nipype.pipeline.engine.utils.count_iterables (iterables, synchronize=False)
Return the number of iterable expansion nodes.
If synchronize is True, then the count is the maximum number of iterables value lists. Otherwise, the count
is the product of the iterables value list sizes.
nipype.pipeline.engine.utils.evaluate_connect_function (function_source, args,

first_arg)
nipype.pipeline.engine.utils.expand_iterables (iterables, synchronize=False)

nipype.pipeline.engine.utils.export_graph (graph_in, base_dir=None,
show=False, use_execgraph=False,
show_connectinfo=False, dotfile-
name=’graph.dot’, format="png’,
simple_form=True)
Displays the graph layout of the pipeline
This function requires that pygraphviz and matplotlib are available on the system.
Parameters
show [boolean]
Indicate whether to generate pygraphviz output fromn
networkx. default [False]
use_execgraph [boolean]
Indicates whether to use the specification graph or the
execution graph. default [False]
show_connectioninfo [boolean]
Indicates whether to show the edge data on the graph. This
makes the graph rather cluttered. default [False]
nipype.pipeline.engine.utils.format_dot (dotfilename, format="png’)
Dump a directed graph (Linux only; install via brew on OSX)
nipype.pipeline.engine.utils.format_node (node, format="python’, in-

clude_config=False)
Format a node in a given output syntax.

nipype.pipeline.engine.utils.generate_expanded_graph (graph_in)
Generates an expanded graph based on node parameterization
Parameterization is controlled using the iterables field of the pipeline elements. Thus if there are two nodes
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with iterables a=[1,2] and b=[3,4] this procedure will generate a graph with sub-graphs parameterized as
(a=1,b=3), (a=1,b=4), (a=2,b=3) and (a=2,b=4).
nipype.pipeline.engine.utils.get_all_files (infile)
nipype.pipeline.engine.utils.get_levels (G)
nipype.pipeline.engine.utils.get_print_name (node, simple_form=True)
Get the name of the node
For example, a node containing an instance of interfaces.fsl. BET would be called nodename.BET.fsl
nipype.pipeline.engine.utils.load_resultfile (path, name)
Load InterfaceResult file from path
Returns
result [InterfaceResult structure]
aggregate [boolean indicating whether node should aggregate_outputs]
attribute error [boolean indicating whether there was some mismatch in] versions of traits
used to store result and hence node needs to rerun
nipype.pipeline.engine.utils.merge_bundles (gl/, g2)
nipype.pipeline.engine.utils.merge_dict (dl, d2, merge=<function <lambda>>)
Merges two dictionaries, non-destructively, combining values on duplicate keys as defined by the optional
merge function. The default behavior replaces the values in d1 with corresponding values in d2. (There
is no other generally applicable merge strategy, but often you’ll have homogeneous types in your dicts, so
specifying a merge technique can be valuable.)
Examples:

>>> dl = {'a': 1, 'c': 3,
>>> d2 = merge_dict (dl, dl)
>>> len (d2)

>>> [d2[k] for k in ['a', 'b', 'c']]
(1, 2, 3]

>>> d3 = merge_dict (dl, dl, lambda x,y: x+y)
>>> len (d3)

>>> [d3[k] for k in ['a', 'b', 'c']l]
(2, 4, 6]

nipype.pipeline.engine.utils.modify_paths (object, relative=True, basedir=None)
Convert paths in data structure to either full paths or relative paths
Supports combinations of lists, dicts, tuples, strs
Parameters
relative [boolean indicating whether paths should be set relative to the] current directory
basedir [default os.getcwd()] what base directory to use as default
nipype.pipeline.engine.utils.nodelist_runner (nodes, updatehash="False,

stop_first=False)
A generator that iterates and over a list of nodes and executes them.

nipype.pipeline.engine.utils.save_hashfile (hashfile, hashed_inputs)
Store a hashfile
nipype.pipeline.engine.utils.save_resultfile (result, cwd, name)
Save a result pklz file to cwd
nipype.pipeline.engine.utils.strip_temp (files, wd)
Remove temp from a list of file paths
nipype.pipeline.engine.utils.synchronize_iterables (iterables)
Synchronize the given iterables in item-wise order.
Return: the {field: value} dictionary list
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Examples

>>> from nipype.pipeline.engine.utils import synchronize_iterables
>>> iterables = dict (a=lambda: [1, 2], b=lambda: [3, 4])

>>> gynced = synchronize_iterables (iterables)
>>> gynced == [{'a': 1, 'b': 3}, {'a': 2, 'b': 4}]
True

>>> gynced = synchronize_iterables (iterables)
>>> synced == [{'a': 1, 'b': 3, 'c': 4}, {'a': 2, 'c': 5}, {'c': 6}]
True

>>> iterables = dict (a=lambda: [1, 2], b=lambda: [3], c=lambda: [4, 5, 6])

nipype.pipeline.engine.utils.topological_sort (graph, depth_first=False)
Returns a depth first sorted order if depth_first is True

nipype.pipeline.engine.utils.walk (children, level=0, path=None, usename=True)
Generate all the full paths in a tree, as a dict.

Examples

>>> from nipype.pipeline.engine.utils import walk

>>> iterables = [('a', lambda: [1, 2]), ('b', lambda: [3, 4])]
>>> [val['a'] for val in walk (iterables)]

1, 1, 2, 2]

>>> [val['b'] for val in walk (iterables)]

(3, 4, 3, 4]

nipype.pipeline.engine.utils.walk_files (cwd)
nipype.pipeline.engine.utils.walk_outputs (object)
Extract every file and directory from a python structure

nipype.pipeline.engine.utils.write_report (node, report_type=None,

is_mapnode=False)
Write a report file for a node

nipype.pipeline.engine.utils.write_workflow_prov (graph, filename=None, for-

mat="all’)
Write W3C PROV Model JSON file

nipype.pipeline.engine.utils.write_workflow_resources (graph, filename=None,

append=None)

Generate a JSON file with profiling traces that can be loaded in a pandas DataFrame or processed with

JavaScript like D3.js

3.7 pipeline.engine.workflows

3.7.1 Module: pipeline.engine.workflows

Inheritance diagram for nipype.pipeline.engine.workflows:

3.7. pipeline.engine.workflows
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Defines functionality for pipelined execution of interfaces
The Workflow class provides core functionality for batch processing.

3.7.2 Workflow

class nipype.pipeline.engine.workflows.Work£flow (name, base_dir=None)
Bases: nipype.pipeline.engine.base.EngineBase
Controls the setup and execution of a pipeline of processes.

Attributes
fullname
inputs
name
outputs

Methods

add_nodes(nodes)

Add nodes to a workflow

clone(name) Clone a workflow
connect(*args, **kwargs) Connect nodes in the pipeline.
disconnect(*args) Disconnect nodes See the docstring for connect

for format.

export([filename, prefix, format, ...])

Export object into a different format

get__node(name)

Return an internal node by name

list_node_names()

List names of all nodes in a workflow

remove_nodes(nodes)

Remove nodes from a workflow

run([plugin, plugin_args, updatehash])

Execute the workflow

write_graph([dotfilename, graph2use, ...])

Generates a graphviz dot file and a png file

load

save

write_hierarchical_dotfile

__init__ (name, base_dir=None)
Create a workflow object.
Parameters

name [alphanumeric string] unique identifier for the workflow
base_dir [string, optional] path to workflow storage

add_nodes (nodes)
Add nodes to a workflow
Parameters

nodes [list] A list of EngineBase-based objects
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clone (name)
Clone a workflow

Note: Will reset attributes used for executing workflow. See _init_runtime_fields.

Parameters
name: alphanumeric name unique name for the workflow
connect (*args, **kwargs)
Connect nodes in the pipeline.
This routine also checks if inputs and outputs are actually provided by the nodes that are being con-
nected.
Creates edges in the directed graph using the nodes and edges specified in the connection_list. Uses
the NetworkX method DiGraph.add_edges_from.
Parameters
args [list or a set of four positional arguments] Four positional arguments of the form:

connect (source, sourceoutput, dest, destinput)

source : nodewrapper node sourceoutput : string (must be in source.outputs) dest :
nodewrapper node destinput : string (must be in dest.inputs)
A list of 3-tuples of the following form:

[ (source, target,
[ ('sourceoutput/attribute', 'targetinput'),

1)y

Or:

[ (source, target, [(('sourceoutputl', func, arg2, ...),
'targetinput'), ...1),
-1
sourceoutputl will always be the first argument to func
and func will be evaluated and the results sent ot targetinput

currently func needs to define all its needed imports within the
function as we use the inspect module to get at the source code
and execute it remotely

disconnect (*args)
Disconnect nodes See the docstring for connect for format.
export (filename=None, prefix="output’, format="python’, include_config=False)
Export object into a different format
Parameters
filename: string file to save the code to; overrides prefix
prefix: string prefix to use for output file
format: string one of “python”
include_config: boolean whether to include node and workflow config values
fullname
get_node (name)
Return an internal node by name
inputs
list_node_names ()
List names of all nodes in a workflow
load (filename)
name
outputs
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remove_nodes (nodes)
Remove nodes from a workflow
Parameters
nodes [list] A list of EngineBase-based objects
run (plugin=None, plugin_args=None, updatehash=False)
Execute the workflow
Parameters
plugin: plugin name or object Plugin to use for execution. You can create your own
plugins for execution.
plugin_args [dictionary containing arguments to be sent to plugin] constructor. see indi-
vidual plugin doc strings for details.
save (filename=None)
write_graph (dotfilename="graph.dot’,  graph2use=’hierarchical’,  format=’png’,  sim-

ple_form=True)
Generates a graphviz dot file and a png file

Parameters

graph2use: ‘orig’, ‘hierarchical’ (default), ‘flat’, ‘exec’, ‘colored’ orig - creates a top
level graph without expanding internal workflow nodes; flat - expands workflow nodes
recursively; hierarchical - expands workflow nodes recursively with a notion on hierar-
chy; colored - expands workflow nodes recursively with a notion on hierarchy in color;
exec - expands workflows to depict iterables

format: ‘png’, ‘svg’

simple_form: boolean (default: True) Determines if the node name used in the graph
should be of the form ‘nodename (package)’ when True or ‘nodename.Class.package’
when False.

write_hierarchical_dotfile (dotfilename=None, colored=False, simple_form=True)

3.8 sphinxext.plot_workflow

3.8.1 Module: sphinxext .plot_workflow

Inheritance diagram for nipype.sphinxext.plot_workflow:
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nipype.sphinxext .plot_workflow — Workflow plotting extension

A directive for including a nipype workflow graph in a Sphinx document.

This code is forked from the plot_figure sphinx extension of matplotlib.

By default, in HTML output, workflow will include a .png file with a link to a high-res .png. In LaTeX output,
it will include a .pdf. The source code for the workflow may be included as inline content to the directive
workflow:

. workflow ::
:graph2use: flat
:simple_form: no

from nipype.workflows.dmri.camino.connectivity mapping import create_
—connectivity_pipeline
wf = create_connectivity_pipeline ()

For example, the following graph has been generated inserting the previous code block in this documentation:

Options

The workflow directive supports the following options:

graph2use [{ ‘hierarchical’, ‘colored’, ‘flat’, ‘orig’, ‘exec’}] Specify the type of graph to be generated.

simple_form: bool Whether the graph will be in detailed or simple form.

format [{‘python’, ‘doctest’}] Specify the format of the input

include-source [bool] Whether to display the source code. The default can be changed using the work-
flow_include_source variable in conf.py

encoding [str] If this source file is in a non-UTF8 or non-ASCII encoding, the encoding must be speci-
fied using the :encoding: option. The encoding will not be inferred using the —x— coding -x-
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metacomment.
Additionally, this directive supports all of the options of the image directive, except for rarget (since workflow
will add its own target). These include alt, height, width, scale, align and class.

Configuration options

The workflow directive has the following configuration options:

graph2use Select a graph type to use

simple_form determines if the node name shown in the visualization is either of the form nodename
(package) when set to True or nodename.Class.package when set to False.

wf_include_source Default value for the include-source option

wf_html_show_source_link Whether to show a link to the source in HTML.

wf_pre_code Code that should be executed before each workflow.

wf_basedir Base directory, to which workflow: : file names are relative to. (If None or empty, file
names are relative to the directory where the file containing the directive is.)

wf _formats
File formats to generate. List of tuples or strings:: [(suffix, dpi), suffix, ...]
that determine the file format and the DPI. For entries whose DPI was omitted, sensible defaults are
chosen. When passing from the command line through sphinx_build the list should be passed as
suffix:dpi,suffix:dpi, . ...

wf _html_show_formats Whether to show links to the files in HTML.

wf_rcparams A dictionary containing any non-standard rcParams that should be applied before each
workflow.

wf_apply_rcparams By default, rcParams are applied when context option is not used in a workflow di-
rective. This configuration option overrides this behavior and applies rcParams before each workflow.

wf_working_directory By default, the working directory will be changed to the directory of the example,
so the code can get at its data files, if any. Also its path will be added to sys.path so it can import any
helper modules sitting beside it. This configuration option can be used to specify a central directory
(also added to sys.path) where data files and helper modules for all code are located.

wf_template Provide a customized template for preparing restructured text.
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3.8.2 Classes

GraphError

class nipype.sphinxext.plot_workflow.GraphError
Bases: RuntimeError
Attributes
args

Methods

with_traceback Exception.with_traceback(tb) - set
self.__traceback__ to tb and return self.

__init_  ($self,/, *args, **kwargs)
Initialize self. See help(type(self)) for accurate signature.
args
with_traceback ()
Exception.with_traceback(tb) — set self.__traceback__ to tb and return self.

ImageFile

class nipype.sphinxext.plot_workflow.ImageFile (basename, dirname)
Bases: object

Methods

filename
filenames

__init__ (basename, dirname)

Initialize self. See help(type(self)) for accurate signature.
filename (fint)
filenames ()

3.8.3 Functions

nipype.sphinxext.plot_workflow.contains_doctest (fext)
nipype.sphinxext.plot_workflow.get_wf_formats (config)
nipype.sphinxext.plot_workflow.mark_wf_labels (app, document)
To make graphs referenceable, we need to move the reference from the “htmlonly” (or “latexonly”) node
to the actual figure node itself.
nipype.sphinxext.plot_workflow.out_of_date (original, derived)
Returns True if derivative is out-of-date wrt original, both of which are full file paths.
nipype.sphinxext.plot_workflow.remove_coding (fext)
Remove the coding comment, which exec doesn’t like.
nipype.sphinxext.plot_workflow.render_figures (code, code_path, output_dir,
output_base, context, func-
tion_name,  config,  graphluse,
simple_form, context_reset=False,

close_figs=False)
Run a nipype workflow creation script and save the graph in output_dir. Save the images under output_dir

with file names derived from output_base
nipype.sphinxext.plot_workflow.run (arguments, content, options, state_machine, state,
lineno)
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nipype.sphinxext.plot_workflow.run_code (code, code_path, ns=None, func-

tion_name=None)
Import a Python module from a path, and run the function given by name, if function_name is not None.

nipype.sphinxext.plot_workflow.setup (app)
nipype.sphinxext.plot_workflow.unescape_doctest (fext)
Extract code from a piece of text, which contains either Python code or doctests.
nipype.sphinxext.plot_workflow.wf_directive (name, arguments, options, content,
lineno, content_offset, block_text, state,
state_machine)
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CHAPTER 4

Developer Guide

Release 1.1.0

Date July 04, 2018, 16:26 PDT
Since nipype is part of the NIPY project, we follow the same conventions documented in the NIPY Developers
Guide. For bleeding-edge version help see Nightly documentation

4.1 Interface Specifications

4.1.1 Before you start

Nipype is maintained by an enthusiastic group of developers, and we’re excited to have you join us! In case of
trouble, we encourage you to post on NeuroStars with the nipype tag. NeuroStars.org is a platform similar to
StackOverflow but dedicated to neuroinformatics. You can also post on the nipype developers mailing list: http:
//mail.python.org/mailman/listinfo/neuroimaging. As we are sharing a mailing list with the nipy community,
please add [nipype] to the message title.

4.1.2 Overview

We’re using the Traits (formerly known as Enthought Traits) package for all of our inputs and outputs. Traits
allows us to validate user inputs and provides a mechanism to handle all the special cases in a simple and concise
way though metadata. With the metadata, each input/output can have an optional set of metadata attributes
(described in more detail below). The machinery for handling the metadata is located in the base classes, so all
subclasses use the same code to handle these cases. This is in contrast to our previous code where every class
defined it’s own _parse_inputs, run and aggregate_outputs methods to handle these cases. Which of course leads
to a dozen different ways to solve the same problem.

Traits is a big package with a lot to learn in order to take full advantage of. But don’t be intimidated! To write a
Nipype Trait Specification, you only need to learn a few of the basics of Traits. Here are a few starting points in
the documentation:

What are Traits? The Introduction in the User Manual gives a brief description of the functionality traits pro-
vides.

Traits and metadata. The second section of the User Manual gives more details on traits and how to use them.
Plus there a section describing metadata, including the metadata all traits have.

If your interested in more of a big picture overview, Gael wrote a good tutorial that shows how to write a
scientific application using traits for the benefit of the generated UI components. (For now, Nipype is not taking
advantage of the generated UI feature of traits.)
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Traits version

We’re using Traits version 4.x which can be installed from pypi

More documentation

Not everything is documented in the User Manual, in those cases the the API docs is your next place to look.

4.1.3 Nipype Interface Specifications

Each interface class defines two specifications: 1) an InputSpec and 2) an OutputSpec. Each of these are prefixed
with the class name of the interfaces. For example, Bet has these specs:

BETInputSpec

BETOutputSpec

Each of these Specs are classes, derived from a base TraitedSpec class (more on these below). The InputSpec
consists of attributes which correspond to different parameters for the tool they wrap/interface. In the case of a
command-line tool like Bet, the InputSpec attributes correspond to the different command-line parameters that
can be passed to Bet. When an interfaces class is instantiated, the InputSpec is bound to the input s attribute
of that object. Below is an example of how the inputs appear to a user for Bet:

>>> from nipype.interfaces import fsl

>>> bet = fs1.BET()

>>> type (bet.inputs)

<class 'nipype.interfaces.fsl.preprocess.BETInputSpec'>
>>> bet.inputs.<TAB>

bet.inputs.__class___ bet.inputs.center
bet.inputs.__delattr___ bet.inputs.environ
bet.inputs.__doc___ bet.inputs. frac
bet.inputs.__getattribute___ bet.inputs.functional
bet.inputs.__hash___ bet.inputs.hashval
bet.inputs.__init___ bet.inputs.infile
bet.inputs.__new___ bet.inputs.items
bet.inputs.__reduce___ bet.inputs.mask
bet.inputs.__reduce_ex___ bet.inputs.mesh
bet.inputs.__repr___ bet.inputs.nooutput
bet.inputs.__setattr___ bet.inputs.outfile
bet.inputs.__str___ bet.inputs.outline
bet.inputs._generate_handlers bet.inputs.outputtype
bet.inputs._get_hashval bet.inputs.radius
bet.inputs._hash_infile bet.inputs.reduce_bias
bet.inputs._xor_inputs bet.inputs.skull
bet.inputs._xor_warn bet.inputs.threshold
bet.inputs.args bet.inputs.vertical_gradient

Each Spec inherits from a parent Spec. The parent Specs provide attribute(s) that are common to all child
classes. For example, FSL InputSpecs inherit from interfaces.fsl.base.FSLTraitedSpec. FSLTraitedSpec defines
an outputtype attribute, which stores the file type (NIFTI, NIFTI_PAIR, etc...) for all generated output
files.

InputSpec class hierarchy

Below is the current class hierarchy for InputSpec classes (from base class down to subclasses).:
TraitedSpec: Nipype’s primary base class for all Specs. Provides initialization, some nipype-
specific methods and any trait handlers we define. Inherits from traits.HasTraits.

BaselInterfaceInputSpec: Defines inputs common to all Interfaces
(ignore_exception). If in doubt inherit from this.
CommandLineInputSpec: Defines inputs common to all command-line
classes (args and environ)
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FSLTraitedSpec: Defines inputs common to all FSL classes
(outputtype)
SPMCommandInputSpec: Defines inputs common to all SPM classes
(matlab_cmd, path,and mfile)
FSTraitedSpec: Defines inputs common to all FreeSurfer classes
(sbjects_dir)
MatlabInputSpec: Defines inputs common to all Mat-
lab classes (script, nodesktop, nosplash, logfile,
single_comp_thread,mfile, script_file, and paths)
SlicerCommandLineInputSpec: Defines inputs common to all Slicer
classes (module)
Most developers will only need to code at the the interface-level (i.e. implementing custom class inheriting from
one of the above classes).

Output Specs

The OutputSpec defines the outputs that are generated, or possibly generated depending on inputs, by the tool.
OutputSpecs inherit from interfaces.base.TraitedSpec directly.

4.1.4 Controlling outputs to terminal

It is very likely that the software wrapped within the interface writes to the standard output or the stan-
dard error of the terminal. Interfaces provide a means to access and retrieve these outputs, by using the
terminal_output attribute:

import nipype.interfaces.fsl as fsl
mybet = fsl1.BET (from_file='bet-settings. json')
mybet.terminal_output = 'file_ split'

In the example, the terminal_output = 'file_split' will redirect the standard output and the stan-

dard error to split files (called stdout .nipype and stderr.nipype respectively). The possible values

for terminal_output are:

file Redirects both standard output and standard error to the same file called output .nipype. Messages
from both streams will be overlapped as they arrive to the file.

file_split Redirects the output streams separately, to stdout .nipype and stderr.nipype respectively,
as described in the example.

file_stdout Only the standard output will be redirected to stdout .nipype and the standard error will be
discarded.

file_stderr Only the standard error will be redirected to stderr.nipype and the standard output will be
discarded.

stream Both output streams are redirected to the current logger printing their messages interleaved and imme-
diately to the terminal.

allatonce Both output streams will be forwarded to a buffer and stored separately in the runtime object that the
run() method returns. No files are written nor streams printed out to terminal.

none Both outputs are discarded

In all cases, except for the 'none ' setting of terminal_output, the run () method will return a “runtime”

object that will contain the streams in the corresponding properties (runt ime . stdout for the standard output,

runtime. stderr for the standard error, and runt ime . merged for both when streams are mixed, eg. when

using the file option).

import nipype.interfaces.fsl as fsl
mybet = fs1.BET (from_file='bet-settings.json')
mybet.terminal_output = 'file_ split'

result = mybet.run/()

(continues on next page)
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result.runtime.stdout
! captured standard output ...'

4.1.5 Traited Attributes

Each specification attribute is an instance of a Trait class. These classes encapsulate many standard Python types
like Float and Int, but with additional behavior like type checking. (See the documentation on traits for more
information on these trait types.) To handle unique behaviors of our attributes we us traits metadata. These
are keyword arguments supplied in the initialization of the attributes. The base classes BaseInterface and
CommandLine (definedin nipype.interfaces.base) check for the existence/or value of these metadata
and handle the inputs/outputs accordingly. For example, all mandatory parameters will have the mandatory
= True metadata:

class BetInputSpec (FSLTraitedSpec) :

infile = File (exists=True,
desc = 'input file to skull strip',
argstr=' ', position=0, mandatory=True)
Common

exists For files, use nipype.interfaces.base.File as the trait type. If the file must exist for the
tool to execute, specify exists = True in the initialization of File (as shown in BetlnputSpec above).
This will trigger the underlying traits code to confirm the file assigned to that input actually exists. If it
does not exist, the user will be presented with an error message:

>>> bet.inputs.infile = 'does_not_exist.nii'
Traceback (most recent call last):
File "<ipython console>", 1line 1, in <module>
File "/Users/cburns/local/lib/python2.5/site-packages/nipype/interfaces/
—base.py", line 76, in validate
self.error( object, name, value )
File "/Users/cburns/local/lib/python2.5/site-packages/enthought/traits/
—trait_handlers.py", line 175, in error
value )
TraitError: The 'infile' trait of a BetInputSpec instance must be a file
name, but a value of 'does_not_exist.nii' <type 'str'> was specified.

hash_files To be used with inputs that are defining output filenames. When this flag is set to false any
Nipype will not try to hash any files described by this input. This is useful to avoid rerunning when the
specified output file already exists and has changed.

desc All trait objects have a set of default metadata attributes. desc is one of those and is used as a simple,
one-line docstring. The desc is printed when users use the help () methods.
Required: This metadata is required by all nipype interface classes.

usedefault Set this metadata to True when the default value for the trait type of this attribute is an acceptable
value. All trait objects have a default value, traits.Int has a default of 0, traits.Float has a
default of 0. 0, etc... You can also define a default value when you define the class. For example, in the
code below all objects of Foo will have a default value of 12 for x:

>>> import enthought.traits.api as traits
>>> class Foo(traits.HasTraits) :

x = traits.Int (12)

y = traits.Int

(continues on next page)
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Xor

>>> foo = Foo()
>>> foo.x

12

>>> foo.y

0

Nipype only passes inputs on to the underlying package if they have been defined (more on this later).
So if you specify usedefault = True, you are telling the parser to pass the default value on to the
underlying package. Let’s look at the InputSpec for SPM Realign:

class RealignInputSpec (BaseInterfaceInputSpec) :
jobtype = traits.Enum('estwrite', 'estimate', 'write',
desc='one of: estimate, write, estwrite',
usedefault=True)

Here we’ve defined jobtype to be an enumerated trait type, Enum, which can be set to one of the
following: estwrite, estimate, or write. In a container, the default is always the first element. So
in this case, the default will be estwrite:

>>> from nipype.interfaces import spm
>>> rlgn = spm.Realign()

>>> rlgn.inputs.infile

<undefined>

>>> rlgn.inputs. jobtype

'estwrite'

and requires Both of these accept a list of trait names. The xor metadata reflects mutually exclusive
traits, while the requires metadata reflects traits that have to be set together. When a xor-ed trait is set, all
other traits belonging to the list are set to Undefined. The function check_mandatory_inputs ensures that
all requirements (both mandatory and via the requires metadata are satisfied). These are also reflected in
the help function.

copyfile This is metadata for a File or Directory trait that is relevant only in the context of wrapping an

interface in a Node and MapNode. copyfile can be set to either True or False. False indicates that contents
should be symlinked, while True indicates that the contents should be copied over.

min_ver and max_ver These metadata determine if a particular trait will be available when a given version

dep

of the underlying interface runs. Note that this check is performed at runtime.:

class RealignInputSpec (BaseInterfacelInputSpec):
jobtype = traits.Enum('estwrite', 'estimate', 'write', min_ver='5",
usedefault=True)

recated and new_name This is metadata for removing or renaming an input field from a spec.:

class RealignInputSpec (BaseInterfaceInputSpec) :
jobtype = traits.Enum('estwrite', 'estimate', 'write',
deprecated='0.8",
desc='one of: estimate, write, estwrite',
usedefault=True)

In the above example this means that the jobtype input is deprecated and will be removed in version 0.8.
Deprecation should be set to two versions from current release. Raises TraitError after package version
crosses the deprecation version.

For inputs that are being renamed, one can specify the new name of the field.:

class RealignInputSpec (BaselInterfacelnputSpec) :
jobtype = traits.Enum('estwrite', 'estimate', 'write',
deprecated='0.8", new_name="'job_type',
desc='one of: estimate, write, estwrite',

(continues on next page)
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usedefault=True)

job_type = traits.Enum('estwrite', 'estimate', 'write',
desc='one of: estimate, write, estwrite',
usedefault=True)

In the above example, the jobtype field is being renamed to job_type. When new_name is provided it must
exist as a trait, otherwise an exception will be raised.

Note: The version information for min_ver, max_ver and deprecated has to be provided as a string. For
example, min_ver="0.1".

CommandLine

argstr The metadata keyword for specifying the format strings for the parameters. This was the value string
in the opt_map dictionaries of Nipype 0.2 code. If we look atthe F1irt InputSpec, the argstr for the
reference file corresponds to the argument string I would need to provide with the command-line version
of flirt:

class FlirtInputSpec (FSLTraitedSpec):
reference = File(exists = True, argstr = '-ref ', mandatory = True,
position = 1, desc = 'reference file')

Required: This metadata is required by all command-line interface classes.

position This metadata is used to specify the position of arguments. Both positive and negative values are
accepted. position = 0 will position this argument as the first parameter after the command name.
position = -1 will position this argument as the last parameter, after all other parameters.

genfile If True, the genfile metadata specifies that a filename should be generated for this parameter
if-and-only-if the user did not provide one. The nipype convention is to automatically generate output
filenames when not specified by the user both as a convenience for the user and so the pipeline can easily
gather the outputs. Requires _gen_filename () method to be implemented. This way should be used
if the desired file name is dependent on some runtime variables (such as file name of one of the inputs, or
current working directory). In case when it should be fixed it’s recommended to just use usedefault.

sep For List traits the string with which elements of the list will be joined.

name_source Indicates the list of input fields from which the value of the current File output variable will
be drawn. This input field must be the name of a File. Chaining is allowed, meaning that an input field can
point to another as name__source, which also points as name_ source to a third field. In this situation,
the templates for substitutions are also accumulated.

name_template By defaulta $s_generated template is used to create the output filename. This metadata
keyword allows overriding the generated name.

keep_extension Use this and set it True if you want the extension from the input to be kept.

SPM

field name of the structure refered by the SPM job manager
Required: This metadata is required by all SPM-mediated interface classes.

4.1.6 Defining an interface class

Common

When you define an interface class, you will define these attributes and methods:

input_spec: the InputSpec

output_spec: the OutputSpec

_list_outputs (): Returns a dictionary containing names of generated files that are expected after package
completes execution. This is used by BaseInterface.aggregate_outputs to gather all output files for
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the pipeline.

CommandLine

For command-line interfaces:

e _cmd: the command-line command
If you used genfile:

e _gen_filename (name): Generate filename, used for filenames that nipype generates as a convenience for
users. This is for parameters that are required by the wrapped package, but we’re generating from some other
parameter. For example, BET.inputs.outfile is required by BET but we can generate the name from
BET.inputs.infile. Override this method in subclass to handle.

And optionally:

e _redirect_x: If set to True it will make Nipype start Xvfb before running the interface and redirect X output
to it. This is useful for
commandlines that spawn a graphical user interface.

e _format_arg(name, spec, value): For extra formatting of the input values before passing them to
generic _parse_inputs () method.

For example this is the class definition for Flirt, minus the docstring:

class FLIRTInputSpec (FSLCommandInputSpec) :

in_file = File(exists=True, argstr='-in ', mandatory=True,
position=0, desc='input file')
reference = File(exists=True, argstr='-ref ', mandatory=True,
position=1, desc='reference file')
out_file = File(argstr="'-out ', desc='registered output file',
name_source=["'in_file'], name_template='%s_flirt"',
position=2, hash_files=False)
out_matrix_file = File(argstr='-omat ',
name_source=['in_file'], keep_extension=True,
name_template='%s_flirt.mat"',

desc='output affine matrix in 4x4 asciii format',
position=3, hash_files=False)

out_log = File(name_source=['in_ file'], keep_extension=True,
requires=['save_log'],
name_template='%s_flirt.log', desc='output log'")

class FLIRTOutputSpec (TraitedSpec):
out_file = File(exists=True,
desc="'path/name of registered file (if generated)')
out_matrix_file = File (exists=True,
desc='path/name of calculated affine transform '
'(1f generated) ')
out_log = File(desc='path/name of output log (if generated)')

class Flirt (FSLCommand) :
_cmd = '"flirt’
input_spec = FlirtInputSpec
output_spec = FlirtOutputSpec

There are two possible output files out file and outmatrix, both of which can be generated if not specified
by the user.

Also notice the use of self._gen_fname () - a FSLCommand helper method for generating filenames (with
extensions conforming with FSLOUTPUTTYPE).

See also How to wrap a command line tool.

4.1. Interface Specifications 87



nipype Documentation, Release 1.1.0

SPM

For SPM-mediated interfaces:

* _jobtype and _jobname: special names used used by the SPM job manager. You can find them by saving
your batch job as an .m file and looking up the code.
And optionally:

e format_arg(name, spec, value): For extra formatting of the input values before passing them to
generic _parse_inputs () method.

Matlab
See How to wrap a MATLAB script.

Python

See How to wrap a Python script.

4.1.7 Undefined inputs

All the inputs and outputs that were not explicitly set (And do not have a usedefault flag - see above) will have
Undefined value. To check if something is defined you have to explicitly call i sdefiend function (comparing
to None will not work).

4.1.8 Example of inputs

Below we have an example of using Bet. We can see from the help which inputs are mandatory and which are
optional, along with the one-line description provided by the de sc metadata:

>>> from nipype.interfaces import fsl
>>> fs1.BET.help()
Inputs

Mandatory:
infile: input file to skull strip

Optional:

args: Additional parameters to the command

center: center of gravity in voxels

environ: Environment variables (default={})

frac: fractional intensity threshold

functional: apply to 4D fMRI data

mask: create binary mask image

mesh: generate a vtk mesh brain surface

nooutput: Don't generate segmented output

outfile: name of output skull stripped image

outline: create surface outline image

outputtype: None

radius: head radius

reduce_bias: bias field and neck cleanup

skull: create skull image

threshold: apply thresholding to segmented brain image and mask
vertical_gradient: vertical gradient in fractional intensity threshold (-1, 1)

maskfile: path/name of binary brain mask (if generated)

(continues on next page)
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meshfile: path/name of vtk mesh file (if generated)
outfile: path/name of skullstripped file
outlinefile: path/name of outline file (if generated)

Here we create a bet object and specify the required input. We then check our inputs to see which are defined
and which are not:

>>> bet = fsl.BET (infile = '"f3.nii'")
>>> bet.inputs

args = <undefined>

center = <undefined>

environ = {'FSLOUTPUTTYPE': 'NIFTI_GZ'}
frac = <undefined>

functional = <undefined>

infile = f3.nii

mask = <undefined>

mesh = <undefined>

nooutput = <undefined>

outfile = <undefined>

outline = <undefined>

outputtype = NIFTI_GZ

radius = <undefined>

reduce_bias = <undefined>

skull = <undefined>

threshold = <undefined>
vertical_gradient = <undefined>

>>> bet.cmdline

'bet £3.nii /Users/cburns/data/nipype/sl/£f3_brain.nii.gz'

We also checked the command-line that will be generated when we run the command and can see the generated
output filename £3_brain.nii.gz.

4.2 How to wrap a command line tool

The aim of this section is to describe how external programs and scripts can be wrapped for use in Nipype either
as interactive interfaces or within the workflow/pipeline environment. Currently, there is support for command
line executables/scripts and matlab scripts. One can also create pure Python interfaces. The key to defining
interfaces is to provide a formal specification of inputs and outputs and determining what outputs are generated
given a set of inputs.

4.2.1 Defining inputs and outputs

In Nipype we use Enthought Traits to define inputs and outputs of the interfaces. This allows to introduce
easy type checking. Inputs and outputs are grouped into separate classes (usually suffixed with InputSpec and
OutputSpec). For example:

class ExampleInputSpec (TraitedSpec) :

input_volume = File(desc = "Input volume", exists = True,
mandatory = True)
parameter = traits.Int (desc = "some parameter")

class ExampleOutputSpec (TraitedSpec) :
output_volume = File(desc = "Output volume", exists = True)

For the Traits (and Nipype) to work correctly output and input spec has to be inherited from TraitedSpec (how-
ever, this does not have to be direct inheritance).
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Traits (File, Int etc.) have different parameters (called metadata). In the above example we have used the desc
metadata which holds human readable description of the input. The mandatory flag forces Nipype to throw
an exception if the input was not set. exists is a special flag that works only for File traits and checks
if the provided file exists. More details can be found at Interface Specifications.

The input and output specifications have to be connected to the our example interface class:

class Example (Interface):
input_spec = ExampleInputSpec
output_spec = ExampleOutputSpec

Where the names of the classes grouping inputs and outputs were arbitrary the names of the fields within the
interface they are assigned are not (it always has to be input_spec and output_spec). Of course this interface
does not do much because we have not specified how to process the inputs and create the outputs. This can be
done in many ways.

4.2.2 Command line executable

As with all interfaces command line wrappers need to have inputs defined. Command line input spec has
to inherit from CommandLineInputSpec which adds two extra inputs: environ (a dictionary of environmental
variables), and args (a string defining extra flags). In addition input spec can define the relation between the
inputs and the generated command line. To achieve this we have added two metadata: argstr (string defining
how the argument should be formated) and position (number defining the order of the arguments). For
example

class ExampleInputSpec (CommandLineSpec) :

input_volume File(desc = "Input volume", exists = True,
mandatory = True, position = 0, argstr="%s")
parameter = traits.Int (desc = "some parameter", argstr = "—-—-param ")

As you probably noticed the argstr is a printf type string with formatting symbols. For an input defined in
InputSpec to be included into the executed commandline argstr has to be included. Additionally inside the
main interface class you need to specify the name of the executable by assigning it to the _cmd field. Also the
main interface class needs to inherit from CommandLine:

class Example (CommandLine) :
_cmd = 'my_command'
input_spec = ExampleInputSpec
output_spec = ExampleOutputSpec

There is one more thing we need to take care of. When the executable finishes processing it will presumably
create some output files. We need to know which files to look for, check if they exist and expose them to
whatever node would like to use them. This is done by implementing _11ist_outputs method in the main
interface class. Basically what it does is assigning the expected output files to the fields of our output spec:

def _list_outputs(self):

outputs = self.output_spec() .get ()

outputs|['output_volume'] = os.path.abspath('name_of_ the_ file_this_cmd_
—made.nii')

return outputs

Sometimes the inputs need extra parsing before turning into command line parameters. For example imagine
a parameter selecting between three methods: “old”, “standard” and “new”. Imagine also that the command
line accept this as a parameter ‘“—method=""accepting 0, 1 or 2. Since we are aiming to make nipype scripts as
informative as possible it’s better to define the inputs as following:

class ExampleInputSpec (CommandLineSpec) :
method = traits.Enum("old", "standard", "new", desc = "method",
argstr="--method=2%d")
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Here we’ve used the Enum trait which restricts input a few fixed options. If we would leave it as it is it would
not work since the argstr is expecting numbers. We need to do additional parsing by overloading the following
method in the main interface class:

def _format_arg(self, name, spec, value):
if name == 'method':
return spec.argstr%{"old":0, "standard":1, "new":2}[value]
return super (Example, self)._format_arg(name, spec, value)

Here is a minimalistic interface for the gzip command:

from nipype.interfaces.base import (
TraitedSpec,
CommandLineInputSpec,
CommandLine,
File

)

import os

class GZipInputSpec (CommandLineInputSpec) :
input_file = File(desc="File", exists=True, mandatory=True, argstr="%5s")

class GZipOutputSpec (TraitedSpec):
output_file = File(desc = "Zip file", exists = True)

class GZipTask (CommandLine) :
input_spec = GZipInputSpec
output_spec = GZipOutputSpec
cmd = 'gzip'

def _list_outputs(self):
outputs = self.output_spec() .get ()
outputs|['output_file'] = os.path.abspath(self.inputs.input_file + ".gz

return outputs

if name == '_ main_
zipper = GZipTask (input_file="an existing file')
print zipper.cmdline

zipper.run ()

4.2.3 Creating outputs on the fly

In many cases, command line executables will require specifying output file names as arguments on the
command line. We have simplified this procedure with three additional metadata terms: name_source,
name_template, keep_extension.

For example in the InvWarp class, the inverse_warp parameter is the name of the output file that is created
by the routine.

class InvWarpInputSpec (FSLCommandInputSpec) :

inverse_warp = File(argstr='—--out= , name_source=|['warp'],
hash_files=False, name_template='2%s_inverse',

we add several metadata to inputspec.
name_source indicates which field to draw from, this field must be the name of a File.
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hash_files indicates that the input for this field if provided should not be used in computing the input hash for
this interface.

name_template (optional) overrides the default _generated suffix

output_name (optional) name of the output (if this is not set same name as the input will be assumed)

keep_extension (optional) if you want the extension from the input or name_template to be kept. The
name_template extension always overrides the input extension.

In addition one can add functionality to your class or base class, to allow changing extensions specific to package

or interface. This overload function is trigerred only if keep_extension is not defined.

def self._overload_extension(self, value):
return value #do whatever you want here with the name

Finally, in the outputspec make sure the name matches that of the inputspec.

class InvWarpOutputSpec (TraitedSpec) :

inverse_warp = File (exists=True,
desc=('Name of output file, containing warps that '
'are the "reverse" of those in —--warp.'))

4.3 How to wrap a MATLAB script

4.3.1 Example 1

This is a minimal script for wrapping MATLAB code. You should replace the MATLAB code template, and
define approriate inputs and outputs.

from nipype.interfaces.matlab import MatlabCommand

from nipype.interfaces.base import TraitedSpec, \
BaseInterface, BaselnterfacelnputSpec, File

import os

from string import Template

class ConmapTxt2MatInputSpec (BaseInterfaceInputSpec):
in_file = File(exists=True, mandatory=True)
out_file = File('cmatrix.mat', usedefault=True)

class ConmapTxt2MatOutputSpec (TraitedSpec) :
out_file = File (exists=True)

class ConmapTxt2Mat (BaseInterface):
input_spec = ConmapTxt2MatInputSpec
output_spec = ConmapTxt2MatOutputSpec

def _run_interface(self, runtime):
d = dict(in_file=self.inputs.in_file,
out_file=self.inputs.out_file)
# This is your MATLAB code template

script = Template("""in_ file = 'S$in_file';
out_file = 'Sout_file';
ConmapTxt2Mat (in_file, out_file);
exit;

"rmy  substitute (d)

(continues on next page)
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# mfile = True will create an .m file with your script and executed.
# Alternatively

# mfile can be set to False which will cause the matlab code to be
# passed

# as a commandline argument to the matlab executable

# (without creating any files).

# This, however, 1is less reliable and harder to debug

# (code will be reduced to

# a single line and stripped of any comments) .

mlab = MatlabCommand (script=script, mfile=True)

result = mlab.run /()

return result.runtime

def _list_outputs(self):
outputs = self._outputs () .get ()
outputs['out_file'] = os.path.abspath(self.inputs.out_£file)
return outputs

Example source code
You can download the source code of this example.

4.3.2 Example 2

By subclassing nipype.interfaces.matlab.MatlabCommand for your main class, and nipype.

interfaces.matlab.MatlabInputSpec foryour input and output spec, you gain access to some useful
MATLAB hooks

from nipype.interfaces.base import traits
from nipype.interfaces.base import TraitedSpec
from nipype.interfaces.matlab import MatlabCommand, MatlabInputSpec

class HelloWorldInputSpec (MatlabInputSpec) :
name = traits.Str (mandatory=True,
desc="Name of person to say hello to')

class HelloWorldOutputSpec (TraitedSpec) :
matlab_output = traits.Str()

class HelloWorld (MatlabCommand) :
"""Basic Hello World that displays Hello <name> in MATLAB

Returns

matlab_output : capture of matlab output which may be
parsed by user to get computation results

Examples

>>> hello = HelloWorld()

(continues on next page)
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>>> hello.inputs.name = 'hello_world'
>>> out = hello.run()

>>> print out.outputs.matlab_output
mrnm

input_spec = HelloWorldInputSpec
output_spec = HelloWorldOutputSpec

def _my_script(self):
"""This 1is where you implement your script"""
script = """
disp('Hello %s Python')
two =1 + 1
"% (self.inputs.name)
return script

def run(self, *xinputs):
# Inject your script

self.inputs.script = self._my_script ()
results = super (MatlabCommand, self).run (*+inputs)
stdout = results.runtime.stdout

# Attach stdout to outputs to access matlab results
results.outputs.matlab_output = stdout
return results

def _list_outputs(self):
outputs = self._outputs () .get ()
return outputs

Example source code
You can download the source code of this example.

4.4 How to wrap a Python script

This is a minimal pure python interface. As you can see all you need to do is to do is to define inputs, outputs,
_run_interface() (not run()), and _list_outputs.

from nipype.interfaces.base import BaselInterface, \
BaseInterfaceInputSpec, traits, File, TraitedSpec
from nipype.utils.filemanip import split_filename

import nibabel as nb
import numpy as np
import os

class SimpleThresholdInputSpec (BaseInterfacelInputSpec) :
volume = File(exists=True, desc='volume to be thresholded', mandatory=True)
threshold = traits.Float (desc='everything below this value will be set to zero
mandatory=True)

class SimpleThresholdOutputSpec (TraitedSpec) :
thresholded_volume = File (exists=True, desc="thresholded volume")

(continues on next page)
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class SimpleThreshold (BaselInterface):
input_spec = SimpleThresholdInputSpec
output_spec = SimpleThresholdOutputSpec

def _run_interface(self, runtime):
fname = self.inputs.volume
img = nb.load(fname)
data = np.array(img.get_data())

active_map = data > self.inputs.threshold

thresholded_map = np.zeros (data.shape)
thresholded_map[active_map] = datalactive_map]

new_img = nb.NiftilImage (thresholded_map, img.affine, img.header)
_, base, = split_filename (fname)

nb.save (new_img, base + '_thresholded.nii')
return runtime

def _list_outputs(self):
outputs = self._outputs () .get ()

fname = self.inputs.volume
_, base, _ = split_filename (fname)
outputs|["thresholded_volume"] = os.path.abspath(base + '_thresholded.nii')

return outputs

4.5 Working with nipype source code

Contents:

4.5.1 Introduction

These pages describe a git and github workflow for the nipype project.

There are several different workflows here, for different ways of working with nipype.

This is not a comprehensive git reference, it’s just a workflow for our own project. It’s tailored to the github
hosting service. You may well find better or quicker ways of getting stuff done with git, but these should get
you started.

For general resources for learning git see gif resources.

4.5.2 Install git

Overview
Debian / Ubuntu | sudo apt-get install git-core
Fedora sudo yum install git-core
Windows Download and install msysGit
0S X Use the git-osx-installer

In detail

See the git page for the most recent information.
Have a look at the github install help pages available from github help
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There are good instructions here: http://book.git-scm.com/2_installing_git.html

4.5.3 Following the latest source

These are the instructions if you just want to follow the latest nipype source, but you don’t need to do any
development for now.
The steps are:

e [Install git
* get local copy of the git repository from github
* update local copy from time to time

Get the local copy of the code

From the command line:

git clone git://github.com/nipy/nipype.git

You now have a copy of the code tree in the new nipype directory.

Updating the code

From time to time you may want to pull down the latest code. Do this with:

cd nipype
git pull

The tree in nipype will now have the latest changes from the initial repository.

4.5.4 Making a patch

You’ve discovered a bug or something else you want to change in nipype .. — excellent!

You’ve worked out a way to fix it — even better!

You want to tell us about it — best of all!

The easiest way is to make a patch or set of patches. Here we explain how. Making a patch is the simplest and
quickest, but if you’re going to be doing anything more than simple quick things, please consider following the
Git for development model instead.

Making patches

Overview

# tell git who you are

git config --global user.email you@yourdomain.example.com
git config --global user.name "Your Name Comes Here"
# get the repository if you don't have it

git clone git://github.com/nipy/nipype.git

# make a branch for your patching

cd nipype

git branch the-fix-im-thinking-of

git checkout the-fix-im-thinking-of

# hack, hack, hack

# Tell git about any new files you've made

git add somewhere/tests/test_my_bug.py

# commit work in progress as you go

git commit -am 'BEF - added tests for Funny bug'

# hack hack, hack

git commit —-am 'BF - added fix for Funny bug'

(continues on next page)
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# make the patch files
git format-patch -M -C master

Then, send the generated patch files to the nipype mailing list — where we will thank you warmly.

In detail

1. Tell git who you are so it can label the commits you’ve made:

git config --global user.email you@yourdomain.example.com
git config —--global user.name "Your Name Comes Here"

2. If you don’t already have one, clone a copy of the nipype repository:

git clone git://github.com/nipy/nipype.git
cd nipype

3. Make a ‘feature branch’. This will be where you work on your bug fix. It’s nice and safe and leaves you
with access to an unmodified copy of the code in the main branch:

git branch the-fix-im-thinking-of
git checkout the-fix-im-thinking-of

4. Do some edits, and commit them as you go:

# hack, hack, hack

# Tell git about any new files you've made

git add somewhere/tests/test_my_bug.py

# commit work in progress as you go

git commit -am 'BEF - added tests for Funny bug'
# hack hack, hack

git commit —-am 'BF - added fix for Funny bug'

Note the —am options to commit. The m flag just signals that you’re going to type a message on the
command line. The a flag — you can just take on faith — or see why the -a flag?.
5. When you have finished, check you have committed all your changes:

’git status

6. Finally, make your commits into patches. You want all the commits since you branched from the master
branch:

’git format-patch -M -C master

You will now have several files named for the commits:

0001-BF-added-tests-for-Funny-bug.patch
0002-BF-added-fix-for-Funny-bug.patch

Send these files to the nipype mailing list.
When you are done, to switch back to the main copy of the code, just return to the master branch:

git checkout master

Moving from patching to development

If you find you have done some patches, and you have one or more feature branches, you will probably want to
switch to development mode. You can do this with the repository you have.
Fork the nipype repository on github — Making your own copy (fork) of nipype. Then:
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# checkout and refresh master branch from main repo

git checkout master

git pull origin master

# rename pointer to main repository to 'upstream'

git remote rename origin upstream

# point your repo to default read / write to your fork on github
git remote add origin git@github.com:your-user-name/nipype.git

# push up any branches you've made and want to keep

git push origin the-fix-im-thinking-of

Then you can, if you want, follow the Development workflow.

4.5.5 Git for development

Contents:

Making your own copy (fork) of nipype

You need to do this only once. The instructions here are very similar to the instructions at http://help.github.
com/forking/ — please see that page for more detail. We’re repeating some of it here just to give the specifics
for the nipype project, and to suggest some default names.

Set up and configure a github account
If you don’t have a github account, go to the github page, and make one.

You then need to configure your account to allow write access — see the Generating SSH keys help on
github help.

Create your own forked copy of nipype

1. Log into your github account.
2. Go to the nipype github home at nipype github.
3. Click on the fork button:

& Unwatch & Fork L1 Pull Request

Issues (0) Downloads (0) Wiki (1) Graphs

Now, after a short pause and some ‘Hardcore forking action’, you should find yourself at the home page
for your own forked copy of nipype.

Set up your fork

First you follow the instructions for Making your own copy (fork) of nipype.

Overview

git clone git@github.com:your-user—-name/nipype.git
cd nipype
git remote add upstream git://github.com/nipy/nipype.git
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In detail

Clone your fork

1. Clone your fork to the local computer with git clone git@github.com:your-user—name/

nipype.git

2. Investigate. Change directory to your new repo: cd nipype. Then git branch -a to show you all

branches. You’ll get something like:

* master
remotes/origin/master

This tells you that you are currently on the master branch, and that you also have a remote connection
to origin/master. What remote repository is remote/origin? Try git remote -v to see the

URLS for the remote. They will point to your github fork.

Now you want to connect to the upstream nipype github repository, so you can merge in changes from

trunk.

Linking your repository to the upstream repo

cd nipype
git remote add upstream git://github.com/nipy/nipype.git

upstream here is just the arbitrary name we’re using to refer to the main nipype repository at nipype github.

Note that we’ve used git : // for the URL rather than git@. The git:// URL is read only. This means we
that we can’t accidentally (or deliberately) write to the upstream repo, and we are only going to use it to merge

into our own code.

Just for your own satisfaction, show yourself that you now have anew ‘remote’, withgit remote -v show,

giving you something like:

upstream git://github.com/nipy/nipype.git (fetch)
upstream git://github.com/nipy/nipype.git (push)
origin git@github.com:your-user—-name/nipype.git (fetch)
origin git@github.com:your-user—-name/nipype.git (push)

Configure git

Overview

Your personal git

configurations are saved in the . gitconfig file in your home directory. Here is an example

.gitconfig file:

[user]
name
email

[alias]
ci =
co =
st =
stat
br =
wdiff

[core]
edito

= Your Name
= you@yourdomain.example.com

commit -a
checkout
status -a
= status -a
branch
= diff —--color-words

r = vim

(continues on next page)
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[merge]
summary =

true

You can edit this file directly or you can use the git config --global command:

git config --global
git config --global
git config --global
git config —-global
git config --global
git config --global
git config --global
git config --global
git config —--global
git config --global

user.name "Your Name"

user.email you@yourdomain.example.com
alias.ci "commit -a"

alias.co checkout

alias.st "status —-a"

alias.stat "status
alias.br branch
alias.wdiff
core.editor vim
merge.summary true

—a

"diff --color-words"

To set up on another computer, you can copy your ~/ .gitconfig file, or run the commands above.

In detail

user.name and user.email

It is good practice to tell git who you are, for labeling any changes you make to the code. The simplest way to

do this is from the command line:

git config --global user.name "Your Name"
git config —-global user.email you@yourdomain.example.com

This will write the settings into your git configuration file, which should now contain a user section with your

name and email:

[user]
name =
email =

Your Name
you@yourdomain.example.com

Of course you’ll need to replace Your Name and you@yourdomain.example.com with your actual

name and email address.

Aliases

You might well benefit from some aliases to common commands.

For example, you might well want to be able to shorten git checkout to git co. Or you may want to
alias git diff —--color-words (which gives a nicely formatted output of the diff) to git wdiff

The following git config —--global commands:

git config --global alias.ci "commit -a"

git config --global alias.co checkout

git config —--global alias.st "status —-a"

git config —--global alias.stat "status —-a"

git config --global alias.br branch

git config --global alias.wdiff "diff --color-words"

will create an alias section in your . gitconfig file with contents like this:

[alias]
= commit -a

co = checkout

(continues on next page)
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st = status -a

stat = status -a

br = branch

wdiff = diff —--color-words

Editor

You may also want to make sure that your editor of choice is used

git config —-global core.editor vim

Merging

To enforce summaries when doing merges (~/ .gitconfig file again):

[merge]
log

true

Or from the command line:

git config —--global merge.log true

Development workflow

You already have your own forked copy of the nipype repository, by following Making your own copy (fork) of

nipype, Set up your fork, and you have configured git by following Configure git.

Workflow summary

Keep your master branch clean of edits that have not been merged to the main nipype development repo. Your
master then will follow the main nipype repository.

Start a new feature branch for each set of edits that you do.

If you can avoid it, try not to merge other branches into your feature branch while you are working.

Ask for review!

This way of working really helps to keep work well organized, and in keeping history as clear as possible.

See — for example — linux git workflow.

Making a new feature branch

git branch my-new-feature
git checkout my-new-feature

Generally, you will want to keep this also on your public github fork of nipype. To do this, you git push this
new branch up to your github repo. Generally (if you followed the instructions in these pages, and by default),
git will have a link to your github repo, called origin. You push up to your own repo on github with:

’git push origin my-new-feature

In git >1.7 you can ensure that the link is correctly set by using the ——set-upstream option:

’git push —-set-upstream origin my-new-feature

|

From now on git will know that my—-new-feature is related to the my—-new-feature branch in the github
repo.

4.5.
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The editing workflow

Overview

# hack hack

git add my_new_file

git commit -am 'NE - some message'
git push

In more detail

1. Make some changes
2. See which files have changed with git status (see git status). You’ll see a listing like this one:

# On branch ny-new-feature

# Changed but not updated:

# (use "git add <file>..." to update what will be committed)

# (use "git checkout —-- <file>..." to discard changes in working directory)
#

# modified: README

#

# Untracked files:

# (use "git add <file>..." to include in what will be committed)
#

# INSTALL

no changes added to commit (use "git add" and/or "git commit -a")

(O8]

Check what the actual changes are with git diff (git diff).

Add any new files to version control git add new_file_name (see git add).

5. To commit all modified files into the local copy of your repo,, do git commit —-am 'A commit
message'. Note the —am options to commit. The m flag just signals that you’re going to type a message
on the command line. The a flag — you can just take on faith — or see why the -a flag? — and the helpful
use-case description in the tangled working copy problem. The git commit manual page might also be
useful.

6. To push the changes up to your forked repo on github, do a git push (see git push).

B

Asking for code review

1. Go to your repo URL —e.g. http://github.com/your-user—-name/nipype.
2. Click on the Branch list button:

Source  Commits  Network (12)  Fork Queue

Switch Branches (1) Switch Tags (1) Branch List

3. Click on the Compare button for your feature branch — here my—-new-feature:
NAME STATE

my-new-feature -
Last updated 18 minutes ago 0 behing

Compare

4. If asked, select the base and comparison branch names you want to compare. Usually these will be
master and my-new-feature (where that is your feature branch name).
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5. At this point you should get a nice summary of the changes. Copy the URL for this, and post
it to the nipype mailing list, asking for review. The URL will look something like: http://
github.com/your-user—-name/nipype/compare/master...my—-new—feature. There’s
an example at http://github.com/matthew-brett/nipy/compare/master. . . find-install-data See: http://github.
com/blog/612-introducing-github-compare-view for more detail.

The generated comparison, is between your feature branch my-new-feature, and the place in master from
which you branched my—-new-feature. In other words, you can keep updating master without interfering
with the output from the comparison. More detail? Note the three dots in the URL above (master. ..
my-new—feature).

Two vs three dots
Imagine a series of commits A, B, C, D... Imagine that there are two branches, topic and master. You branched
topic off master when master was at commit ‘E’. The graph of the commits looks like this:

A---B-—-C topic
/
D-——E-—-F-—-G master

Then:

’git diff master..topic

will output the difference from G to C (i.e. with effects of F and G), while:

’git diff master...topic

would output just differences in the topic branch (i.e. only A, B, and C).!

Asking for your changes to be merged with the main repo

When you are ready to ask for the merge of your code:
1. Go to the URL of your forked repo, say http://github.com/your-user-name/nipype.git.
2. Click on the ‘Pull request’ button:

+ Admin <» Unwatch i1 Pull Request =1 Downl

Downloads (0)  Wiki (1)  Graphs

Enter a message; we suggest you select only nipype as the recipient. The message will go to the nipype
mailing list. Please feel free to add others from the list as you like.

Merging from trunk

This updates your code from the upstream nipype github repo.

Overview

# go to your master branch
git checkout master
# pull changes from github

(continues on next page)

! Thanks to Yarik Halchenko for this explanation.
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(continued from previous page)

git fetch upstream
# merge from upstream
git merge upstream/master

In detail

We suggest that you do this only for your master branch, and leave your ‘feature’ branches unmerged, to keep
their history as clean as possible. This makes code review easier:

’git checkout master

Make sure you have done Linking your repository to the upstream repo.
Merge the upstream code into your current development by first pulling the upstream repo to a copy on your
local machine:

’git fetch upstream

then merging into your current branch:

’git merge upstream/master

Deleting a branch on github

git checkout master

# delete branch locally

git branch -D my-unwanted-branch

# delete branch on github

git push origin :my-unwanted-branch

(Note the colon : before test-branch. See also: http://github.com/guides/remove-a-remote-branch

Several people sharing a single repository

If you want to work on some stuff with other people, where you are all committing into the same repository, or
even the same branch, then just share it via github.

First fork nipype into your account, as from Making your own copy (fork) of nipype.

Then, go to your forked repository github page, say http://github.com/your—user—-name/nipype
Click on the ‘Admin’ button, and add anyone else to the repo as a collaborator:

+ Admin » Unwatch L1 Pull Request L=l Downl

Downloads (0) Wiki (1)  Graphs

Now all those people can do:

’git clone git@githhub.com:your-user-name/nipype.git

Remember that links starting with git@ use the ssh protocol and are read-write; links starting with git://
are read-only.
Your collaborators can then commit directly into that repo with the usual:
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git commit —-am 'ENH - much better code'
git push origin master # pushes directly into your repo

Exploring your repository

To see a graphical representation of the repository branches and commits:

’gitk --all

To see a linear list of commits for this branch:

’git log

You can also look at the network graph visualizer for your github repo.

4.5.6 git resources

Tutorials and summaries

e github help has an excellent series of how-to guides.

* learn.github has an excellent series of tutorials

* The pro git book is a good in-depth book on git.

* A git cheat sheet is a page giving summaries of common commands.
* The git user manual

¢ The git tutorial

 The git community book

* git ready — a nice series of tutorials

* git casts — video snippets giving git how-tos.

* git magic — extended introduction with intermediate detail

* The git parable is an easy read explaining the concepts behind git.

* Our own git foundation expands on the git parable.

* Fernando Perez’ git page — Fernando’s git page — many links and tips
* A good but technical page on git concepts

* git svn crash course: git for those of us used to subversion

Advanced git workflow

There are many ways of working with git; here are some posts on the rules of thumb that other projects have
come up with:

* Linus Torvalds on git management

¢ Linus Torvalds on linux git workflow . Summary; use the git tools to make the history of your edits as clean as
possible; merge from upstream edits as little as possible in branches where you are doing active development.

Manual pages online

You can get these on your own machine with (e.g) git help push or (same thing) git push --help,
but, for convenience, here are the online manual pages for some common commands:

e gitadd

e git branch

e git checkout

e git clone

* git commit

e git config

o git diff

* gitlog

e git pull
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* git push
* git remote
e git status

4.6 Architecture (discussions from 2009)

This section reflects notes and discussion between developers during the start of the nipype project in 2009.

4.6.1 Design Guidelines

These are guidelines that the core nipype developers have agreed on:

Interfaces should keep all parameters affecting construction of the appropriate command in the “input” bunch.
The .run() method of an Interface should include all required inputs as explicitly named parameters, and they
should take a default value of None.

Any Interface should at a minimum support cwd as a command-line argument to .run(). This may be accom-
plished by allowing cwd as an element of the input Bunch, or handled as a separate case.

Relatedly, any Interface should output all files to cwd if it is set, and otherwise to os.getcwd() (or equivalent).
We need to decide on a consistent policy towards the maintinence of paths to files. It seems like the best strategy
might be to do absolute (os.realpath?) filenames by default, allowing for relative paths by explicitly including
something that doesn’t start with a ¢/’. This could include °.” in some sort of path-spec.

Class attributes should never be modified by an instance of that class. And probably not ever.

4.6.2 Providing for Provenance

The following is a specific discussion that should be thought out an more generally applied to the way we handle
auto-generation / or “sourcing” of settings in an interface.

There are two possible sources (at a minimum) from which the interface instance could obtain “outputtype”
- itself, or FSLInfo. Currently, the outputtype gets read from FSLInfo if self.outputtype (er, _outputtype?) is
None.

In the case of other opt_map specifications, there are defaults that get specified if the value is None. For example
output filenames are often auto-generated. If you look at the code for fsl.Bet for example, there is no way for the
outfile to get picked up at the pipeline level, because it is a transient variable. This is OK, as the generation of the
outfile name is contingent ONLY on inputs which ARE available to the pipeline machinery (i.e., via inspection
of the Bet instance’s attributes).

However, with outputtype, we are in a situation in which “autogeneration” incorporates potentially transient
information external to the instance itself. Thus, some care needs to be taken in always ensuring this information
is hashable.

4.6.3 Design Principles

These are (currently) Dav Clark’s best guess at what the group might agree on:

It should be very easy to figure out what was done by the pypeline.

Code should support relocatability - this could be via URISs, relative paths or potentially other mechanisms.
Unless otherwise called for, code should be thread safe, just in case.

The pipeline should make it easy to change aspects of an analysis with minimal recomputation, downloading,
etc. (This is not the case currently - any change will overwrite the old node). Also, the fact that multiple files get
rolled into a single node is problematic for similar reasons. E.g. - node([filel ... file100]) will get recomputed
if we add only one file!.

However, it should also be easy to identify and delete things you don’t need anymore.

Pipelines and bits of pipelines should be easy to share.

Things that are the same should be called the same thing in most places. For interfaces that have an obvious
meaning for the terms, “infiles” and “outfile(s)”. If a file is in both the inputs and outputs, it should be called
the same thing in both places. If it is produced by one interface and consumed by another, same thing should be
used.
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4.6.4 Discussions
Auto-generated filenames

In refactoring the inputs in the traitlets branch I'm working through the different ways that filenames are gen-
erated and want to make sure the interface is consistent. The notes below are all using fsl.Bet as that’s the first
class we’re Traiting. Other interface classes may handle this differently, but should agree on a convention and
apply it across all Interfaces (if possible).

Current Rules

These rules are for fsl.Bet, but it appears they are the same for all fsl and spm Interfaces.
Bet has two mandatory parameters, infile and outfile. These are the rules for how they are handled in
different use cases.
1. If infile or outfile are absolute paths, they are used as-is and never changed. This allows users to
override any filename/path generation.
2. If out f£ile is not specified, a filename is generated.
3. Generated filenames (at least for out £i1e) are based on:
infile, the filename minus the extensions.
A suffix specified by the Interface. For example Bet uses _brain suffix.
The current working directory, os.getcwd(). Example:
If infile == ‘foo.nii’ and the cwd is /home/cburns then generated out £ile for Bet will be /home/
cburns/foo_brain.nii.gz
4. If outfile is not an absolute path, for instance just a filename, the absolute path is generated using
os.path.realpath. This absolute path is needed to make sure the packages (Bet in this case) write
the output file to a location of our choosing. The generated absolute path is only used in the cmdline at
runtime and does __not__ overwrite the class attr self.inputs.outfile. Itis generated only when
the cmdline is invoked.

Walking through some examples

In this example we assign infile directly but out file is generated in Bet ._parse_inputs based on
infile. The generated out £ile is only used in the cmdline at runtime and not stored in self. inputs.
out file. This seems correct.

In [15]: from nipype.interfaces import fsl

In [16]: mybet = fsl.Bet()

In [17]: mybet.inputs.infile = 'foo.nii'

In [18]: res = mybet.run()

In [19]: res.runtime.cmdline

Out[19]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/

—tests/foo_brain.nii.gz'

In [21]: mybet.inputs

Out[21]: Bunch (center=None, flags=None, frac=None, functional=None,
infile='foo.nii', mask=None, mesh=None, nooutput=None, outfile=None,
outline=None, radius=None, reduce_bias=None, skull=None, threshold=None,
verbose=None, vertical_gradient=None)

In [24]: mybet.cmdline
Out [24]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/
—tests/foo_brain.nii.gz'

(continues on next page)
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In [25]: mybet.inputs.outfile

In [26]: mybet.inputs.infile
Out[26]: 'foo.nii'

We get the same behavior here when we assign infile at initialization:

In [28]: mybet = fsl.Bet (infile='foo.nii'")

In [29]: mybet.cmdline
Out[29]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/
—tests/foo_brain.nii.gz'

In [30]: mybet.inputs

Out [30]: Bunch(center=None, flags=None, frac=None, functional=None,
infile='foo.nii', mask=None, mesh=None, nooutput=None, outfile=None,
outline=None, radius=None, reduce_bias=None, skull=None, threshold=None,
verbose=None, vertical_gradient=None)

In [31]: res = mybet.run()
In [32]: res.runtime.cmdline
Out [32]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/

—tests/foo_brain.nii.gz'

Here we specify absolute paths for both infile and out file. The command line’s look as expected:

In [53]: import os
In [54]: mybet = fsl.Bet ()

In [55]: mybet.inputs.infile = os.path.join('/Users/cburns/tmp/junk', 'foo.nii')
In [56]: mybet.inputs.outfile = os.path.join('/Users/cburns/tmp/junk', 'bar.nii')

In [57]: mybet.cmdline
Out [57]: 'bet /Users/cburns/tmp/junk/foo.nii /Users/cburns/tmp/junk/bar.nii'

In [58]: res = mybet.run()

In [59]: res.runtime.cmdline
Out[59]: 'bet /Users/cburns/tmp/junk/foo.nii /Users/cburns/tmp/junk/bar.nii'

Here passing in a new out £ile in the run method will update mybet . inputs.outfile to the passed in
value. Should this be the case?

In [110]: mybet = fsl.Bet (infile='foo.nii', outfile='bar.nii')

In [111]: mybet.inputs.outfile
Out[111]: 'bar.nii'

In [112]: mybet.cmdline
Out[112]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/
—tests/bar.nii'

In [113]: res = mybet.run(outfile = os.path.join('/Users/cburns/tmp/junk', 'not_
—bar.nii'))

(continues on next page)
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In [114]: mybet.inputs.outfile
Out[114]: '/Users/cburns/tmp/junk/not_bar.nii'

In [115]: mybet.cmdline
Out[115]: 'bet foo.nii /Users/cburns/tmp/junk/not_bar.nii'

In this case we provide out £ile but not as an absolue path, so the absolue path is generated and used for the
cmdline when run, but mybet . inputs.outfile is not updated with the absolute path.

In [74]: mybet = fsl.Bet (infile='foo.nii', outfile='bar.nii')

In [75]: mybet.inputs.outfile
Out[75]: 'bar.nii'

In [76]: mybet.cmdline
Out [76]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/
—tests/bar.nii’

In [77]: res = mybet.run()
In [78]: res.runtime.cmdline
Out[78]: 'bet foo.nii /Users/cburns/src/nipy-sf/nipype/trunk/nipype/interfaces/

—tests/bar.nii’

In [80]: res.interface.inputs.outfile
Out[80]: 'bar.nii'

4.7 W3C PROV support

4.7.1 Overview

We’re using the the W3C PROV data model to capture and represent provenance in Nipype.

For an overview see:

PROV-DM overview

Each interface writes out a provenance.json (currently prov-json) or provenance.rdf (if rdflib is available) file.
The workflow engine can also write out a provenance of the workflow if instructed.

This is very much an experimental feature as we continue to refine how exactly the provenance should be stored
and how such information can be used for reporting or reconstituting workflows. By default provenance writing
is disabled for the 0.9 release, to enable insert the following code at the top of your script:

>>> from nipype import config
>>> config.enable_provenance ()

4.8 Software using Nipype

4.8.1 Configurable Pipeline for the Analysis of Connectomes (C-PAC)

C-PAC is an open-source software pipeline for automated preprocessing and analysis of resting-state fMRI data.
C-PAC builds upon a robust set of existing software packages including AFNI, FSL, and ANTS, and makes it
easy for both novice users and experts to explore their data using a wide array of analytic tools. Users define
analysis pipelines by specifying a combination of preprocessing options and analyses to be run on an arbitrary
number of subjects. Results can then be compared across groups using the integrated group statistics feature.
C-PAC makes extensive use of Nipype Workflows and Interfaces.
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4.8.2 BRAINSTools

BRAINSTOools is a suite of tools for medical image processing focused on brain analysis.

4.8.3 Brain Imaging Pipelines (BIPs)

BIPs is a set of predefined Nipype workflows coupled with a graphical interface and ability to save and share
workflow configurations. It provides both Nipype Workflows and Interfaces.

4.8.4 BROCCOLI

BROCCOLI is a piece of software for fast fMRI analysis on many core CPUs and GPUs. It provides Nipype
Interfaces.

4.8.5 Forward

Forward is set of tools simplifying the preparation of accurate electromagnetic head models for EEG forward
modeling. It uses Nipype Workflows and Interfaces.

4.8.6 Limbo

Limbo is a toolbox for finding brain regions that are neither significantly active nor inactive, but rather “in
limbo”. It was build using custom Nipype Interfaces and Workflows.

4.8.7 Lyman

Lyman is a high-level ecosystem for analyzing task based fMRI neuroimaging data using open-source software.
It aims to support an analysis workflow that is powerful, flexible, and reproducible, while automating as much
of the processing as possible. It is build upon Nipype Workflows and Interfaces.

4.8.8 Medimsight

Medimsight is a commercial service medical imaging cloud platform. It uses Nipype to interface with various
neuroimaging software.

4.8.9 MIA

MIA MIA is a a toolkit for gray scale medical image analysis. It provides Nipype interfaces for easy integration
with other software.

4.8.10 Mindboggle

Mindboggle software package automates shape analysis of anatomical labels and features extracted from human
brain MR image data. Mindboggle can be run as a single command, and can be easily installed as a cross-
platform virtual machine for convenience and reproducibility of results. Behind the scenes, open source Python
and C++ code run within a Nipype pipeline framework.

4.8.11 OpenfMRI

OpenfMRI is a repository for task based fMRI datasets. It uses Nipype for automated analysis of the deposited
data.

4.8.12 serial functional Diffusion Mapping (sfDM)

‘sfDM <http://github.com/PIRCImagingTools/sfDM>’_ is a software package for looking at changes in diffu-
sion profiles of different tissue types across time. It uses Nipype to process the data.
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4.8.13 The Stanford CNI MRS Library (SMAL)

SMAL is a library providing algorithms and methods to read and analyze data from Magnetic Resonance Spec-
troscopy (MRS) experiments. It provides an API for fitting models of the spectral line-widths of several different
molecular species, and quantify their relative abundance in human brain tissue. SMAL uses Nipype Workflows
and Interfaces.

4.8.14 tract_querier

tract_querier is a White Matter Query Language tool. It provides Nipype interfaces.

4.9 Testing nipype

In order to ensure the stability of each release of Nipype, the project uses two continuous integration services:
CircleCI and Travis CI. If both batteries of tests are passing, the following badges should be shown in green

color: build passing

4.9.1 Installation for developers

To check out the latest development version:

git clone https://github.com/nipy/nipype.git

After cloning:

cd nipype
pip install -r requirements.txt
pip install -e . [dev]

4.9.2 Test implementation

Nipype testing framework is built upon pytest.
After installation in developer mode, the tests can be run with the following command at the root folder of the
project

pytest -v ——doctest-modules nipype

A successful test run should complete in 10-30 minutes and end with something like:

2445 passed, 41 skipped, 7 xfailed in 1277.66 seconds

No test should fail (unless you’re missing a dependency). If the SUBJECTS_DIR" environment variable is not
set, some FreeSurfer related tests will fail. If any of the tests failed, please report them on our bug tracker.

On Debian systems with a local copy of MATLAB installed, set the following environment variable before
running tests:

export MATLABCMD=$pathtomatlabdir/bin/Splatform/MATLAB

where $pathtomatlabdir is the path to your matlab installation and $plat form is the directory referring
to x86 or x64 installations (typically glnxa64 on 64-bit installations).
Skipped tests

Nipype will skip some tests depending on the currently available software and data dependencies. Installing
software dependencies and downloading the necessary data will reduce the number of skipped tests.
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A few tests in Nipype make use of some images distributed within the FSL course data. This reduced version of
the package can be downloaded here. To enable the tests depending on these data, just unpack the targz file and
set the FSL_COURSE_DATA environment variable to point to that folder. Note, that the test execution time can
increase significantly with these additional tests.

Xfailed tests

Some tests are expect to fail until the code will be changed or for other reasons.

4.9.3 Testing Nipype using Docker

Nipype is tested inside Docker containers and users can use nipype images to test local versions. First, install
the Docker Engine. Nipype has one base docker image called nipype/nipype:base, that contains several useful
tools

(FreeSurfer, AFNI, FSL, ANTs, etc.), and additional test images
for specific Python versions: py27 for Python 2.7 and py36 for Python 3.6.
Users can pull the nipype image for Python 3.6 as follows:

docker pull nipype/nipype:py36

In order to test a local version of nipype you can run test within container as follows:

docker run -it -v $PWD:/src/nipype —-rm nipype/nipype:py36 py.test -v --doctest-
—modules /src/nipype/nipype

4.9.4 Additional comments

If the project is tested both on your local OS and within a Docker container, you might have to remove all
__pycache__ directories before switching between your OS and a container.

Interfaces, Workflows and Examples

¢ Workflows
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CHAPTER B

workflows.data

5.1 get_flirt_ schedule()

Link to code
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CHAPTER O

workflows.dmri

6.1 workflows.dmri.camino.connectivity _mapping

6.1.1 create_connectivity_ pipeline ()

Link to code

Creates a pipeline that does the same connectivity processing as in the dMRI: Connectivity - Camino, CMTK,
FreeSurfer example script. Given a subject id (and completed Freesurfer reconstruction) diffusion-weighted
image, b-values, and b-vectors, the workflow will return the subject’s connectome as a Connectome File Format
(CFF) file for use in Connectome Viewer (http://www.cmtk.org).

Example

>>> from nipype.workflows.dmri.camino.connectivity mapping import create_
—connectivity_pipeline

>>> conmapper = create_connectivity_pipeline ("nipype_conmap")
>>> conmapper.inputs.inputnode.subjects_dir = '.'

>>> conmapper.inputs.inputnode.subject_id = 'subjl'

>>> conmapper.inputs.inputnode.dwi = 'data.nii.gz'

>>> conmapper.inputs.inputnode.bvecs = 'bvecs'

>>> conmapper.inputs.inputnode.bvals = 'bvals'

>>> conmapper.run ()

Inputs:

inputnode.subject_id
inputnode.subjects_dir
inputnode.dwi

inputnode.bvecs

inputnode.bvals
inputnode.resolution_network_file

Outputs:

outputnode.connectome
outputnode.cmatrix
outputnode.gpickled_network

(continues on next page)
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(continued from previous page)

outputnode.
outputnode.
.trace
outputnode.
.tensors

outputnode

outputnode

fa
struct

tracts

Graph

6.2 workflows.dmri.camino.diffusion

6.2.1 create_camino_dti_pipeline ()

Link to code

Creates a pipeline that does the same diffusion processing as in the ../../users/examples/dmri_camino_dti exam-
ple script. Given a diffusion-weighted image, b-values, and b-vectors, the workflow will return the tractography
computed from diffusion tensors and from PICo probabilistic tractography.

Example

>>> import

>>> nipype_
>>> nipype_.
>>> nipype_.
>>> nipype_
>>> nipype_.

os

camino_dti = create_camino_dti_pipeline ("nipype_camino_dti")

camino_dti.inputs.inputnode.dwi
camino_dti.inputs.inputnode.bvecs
camino_dti.inputs.inputnode.bvals

camino_dti.run ()

os.path.abspath('dwi.nii")
= os.path.abspath ('bvecs"')
= os.path.abspath('bvals")

Inputs:

inputnode.dwi
inputnode.bvecs
inputnode.bvals

Outputs:

outputnode.
.trace
.tracts_pico
.tracts_dt
outputnode.

outputnode
outputnode
outputnode

fa

tensors
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Graph

inputnode (utility)

tractography

inputnodel (utility) -

(

\
picopdfs (camino) @ w w
e b =/

=
analyzeheader_fa (camino) trackpico (camino) analyzeheader_trace (camino) cam2trk_dt (camino2trackvis)
vis) g

cam2trk_pico (camino2track:
outputnode (utility)

dtiproc

6.3 workflows.dmri.camino.group_connectivity

6.3.1 create_group_connectivity_pipeline ()

Link to code

Creates a pipeline that performs basic Camino structural connectivity processing on groups of subjects. Given
a diffusion-weighted image, and text files containing the associated b-values and b-vectors, the workflow will
return each subjects’ connectomes in a Connectome File Format (CFF) file, for use in Connectome Viewer
(http://www.cmtk.org).

Example

>>> import nipype.interfaces.freesurfer as fs

>>> import nipype.workflows.dmri.camino.group_connectivity as groupwork
>>> subjects_dir = '.'

>>> data_dir = '".'

>>> output_dir = ".'

>>> fs.FSCommand.set_default_subjects_dir (subjects_dir)

>>> group_list = {}

>>> group_list['groupl'] = ['subjl', 'subj2']

>>> group_list['group2'] = ['subj3', 'subjd']

>>> template_args = dict (dwi=[['subject_id', 'dwi']], bvecs=[['subject_id', 'bvecs
—'11, bvals=[['subject_id', 'bvals']])

>>> group_id = 'groupl'

>>> llpipeline = groupwork.create_group_connectivity_pipeline(group_list, group_
—~id, data_dir, subjects_dir, output_dir, template_args)
>>> llpipeline.run()

Inputs:
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group_list: Dictionary of subject lists, keyed by group name

group_id: String containing the group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory

output_dir: Path for the output files

template_args_dict: Dictionary of template arguments for the connectivity,
—pipeline datasource

e.g. info = dict(dwi=[['subject_id', 'dwi']],
bvecs=[['subject_id', '"bvecs']],
bvals=[['subject_id', "bvals']])

6.4 workflows.dmri.connectivity.group_connectivity

6.4.1 concatcsv ()

Link to code
This function will contatenate two “comma-separated value” text files, but remove the first row (usually column
headers) from all but the first file.

6.4.2 create_average_networks_by_ group_workflow ()

Link to code

Creates a fourth-level pipeline to average the networks for two groups and merge them into a single CFF file.
This pipeline will also output the average networks in .gexf format, for visualization in other graph viewers,
such as Gephi.

Example

>>> import nipype.workflows.dmri.connectivity.group_connectivity as groupwork
>>> from nipype.testing import example_data

>>> subjects_dir = '.'

>>> data_dir = '.'

>>> output_dir = '.'

>>> group_list = {}

>>> group_list['groupl'] = ['subjl', 'subj2']
>>> group_list['group2'] = ['subj3', 'subijd']

>>> l4pipeline = groupwork.create_average_networks_by_group_workflow (group_list,
—~data_dir, subjects_dir, output_dir)
>>> l4pipeline.run()

Inputs:

group_list: Dictionary of subject lists, keyed by group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory

output_dir: Path for the output files

title: String to use as a title for the output merged CFF file (default 'group')

6.4.3 create_merge_group_network_results_workflow ()

Link to code

Creates a third-level pipeline to merge the Connectome File Format (CFF) outputs from each group and com-
bines them into a single CFF file for each group. This version of the third-level pipeline also concatenates the
comma-separated value files for the NetworkX metrics and the connectivity matrices into single files.
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Example

>>> import nipype.workflows.dmri.connectivity.group_connectivity as groupwork
>>> from nipype.testing import example_data

>>> subjects_dir = '.'

>>> data_dir = '".'

>>> output_dir = '.'

>>> group_list = {}

>>> group_list['groupl'] = ['subjl', 'subj2']
>>> group_list['group2'] = ['subj3', 'subijd']

>>> 13pipeline = groupwork.create_merge_group_network_results_workflow (group_list,
— data_dir, subjects_dir, output_dir)
>>> 13pipeline.run{()

Inputs:

group_list: Dictionary of subject lists, keyed by group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory

output_dir: Path for the output files

title: String to use as a title for the output merged CFF file (default 'group')

6.4.4 create_merge_group_networks_workflow ()

Link to code
Creates a third-level pipeline to merge the Connectome File Format (CFF) outputs from each group and com-
bines them into a single CFF file for each group.

Example

>>> import nipype.workflows.dmri.connectivity.group_connectivity as groupwork
>>> from nipype.testing import example_data

>>> subjects_dir = '.'

>>> data_dir = '.'

>>> output_dir = ".'

>>> group_list {}

>>> group_list['groupl'] = ['subjl', 'subj2']

>>> group_list['group2'] = ['subj3', 'subj4']

>>> 13pipeline groupwork.create_merge_group_networks_workflow (group_list, data_
—dir, subjects_dir, output_dir)

>>> 13pipeline.run{()

Inputs:

group_list: Dictionary of subject lists, keyed by group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory

output_dir: Path for the output files

title: String to use as a title for the output merged CFF file (default 'group')

6.4.5 create_merge_network_results_by group_workflow ()

Link to code
Creates a second-level pipeline to merge the Connectome File Format (CFF) outputs from the group-level MR-
trix structural connectivity processing pipeline into a single CFF file for each group.
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Example

>>> import nipype.workflows.dmri.connectivity.group_connectivity as groupwork
>>> from nipype.testing import example_data

>>> subjects_dir = '.'

>>> data_dir = '".'

>>> output_dir = '.'

>>> group_list {}

>>> group_list['groupl'] = ['subjl', 'subij2']
>>> group_list['group2'] = ['subj3', 'subj4']
>>> group_id = 'groupl'

>>> 12pipeline = groupwork.create_merge_network_ results_by_group_workflow (group_
—~1list, group_id, data_dir, subjects_dir, output_dir)
>>> 12pipeline.run()

Inputs:

group_list: Dictionary of subject lists, keyed by group name
group_id: String containing the group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory
output_dir: Path for the output files

6.4.6 create_merge_networks_by group_workflow ()

Link to code
Creates a second-level pipeline to merge the Connectome File Format (CFF) outputs from the group-level MR-
trix structural connectivity processing pipeline into a single CFF file for each group.

Example

>>> import nipype.workflows.dmri.connectivity.group_connectivity as groupwork
>>> from nipype.testing import example_data

>>> subjects_dir = '.'

>>> data_dir = '.'

>>> output_dir = ".'

>>> group_list {}

>>> group_list['groupl'] = ['subjl', 'subij2']
>>> group_list['group2'] = ['subj3', 'subjd']
>>> group_id = 'groupl'

>>> 12pipeline = groupwork.create_merge_networks_by_group_workflow (group_list
—group_id, data_dir, subjects_dir, output_dir)
>>> 12pipeline.run()

[

Inputs:

group_list: Dictionary of subject lists, keyed by group name
group_id: String containing the group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory
output_dir: Path for the output files

6.4.7 pullnodelDs ()

Link to code
This function will return the values contained, for each node in a network, given an input key. By default it will
return the node names
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6.5 workflows.dmri.connectivity.nx

6.5.1 create_cmats_to_csv_pipeline ()

Link to code
Creates a workflow to convert the outputs from CreateMatrix into a single comma-separated value text file. An
extra column / field is also added to the text file. Typically, the user would connect the subject name to this field.

Example

>>> from nipype.workflows.dmri.connectivity.nx import create_cmats_to_csv_pipeline
>>> Csv create_cmats_to_csv_pipeline("cmats_to_csv", "subject_id")

>>> csv.inputs.inputnode.extra_field = 'subjl'

>>> csv.inputs.inputnode.matlab_matrix_files = ['subjl_cmatrix.mat', 'subjl _mean_
—fiber_length.mat', 'subjl_median_fiber_length.mat', 'subjl_fiber_length_std.mat
']

>>> csv.run()

Inputs:

inputnode.extra_field

inputnode.matlab_matrix_files

Outputs:

outputnode.csv_file

6.5. workflows.dmri.connectivity.nx 121



http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/dmri/connectivity/nx.py#L128

nipype Documentation, Release 1.1.0

Graph

inputnode (utility)

Matlab2CSV (misc)

MergeCSVFiles (misc)

outputnode (utility)

cmats_to_csv

6.5.2 create_networkx_pipeline ()

Link to code

Creates a workflow to calculate various graph measures (via NetworkX) on an input network. The output
measures are then converted to comma-separated value text files, and an extra column / field is also added.
Typically, the user would connect the subject name to this field.

Example

>>> from nipype.workflows.dmri.connectivity.nx import create_networkx_pipeline
>>> nx = create_networkx_pipeline ("networkx", "subject_id")

>>> nx.inputs.inputnode.extra_field = 'subjl'

>>> nx.inputs.inputnode.network_file = 'subjl.pck'

>>> nx.run ()

Inputs:

inputnode.extra_field
inputnode.network_file

Outputs:
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outputnode.network_files
outputnode.csv_files
outputnode.matlab_files

Graph

inputnode (utility)

NetworkXMetrics (cmtk)

mergeNetworks (utility)

Matlab2CSV_global (misc)

Matlab2CSV_node (misc)
MergeCSVFiles_node (misc)

MergeCSVFiles_global (misc)

mergeCSVs (utility)

outputnode (utility)

networkx

6.5.3 add_global_to_filename ()

Link to code

6.5.4 add nodal_to_filename ()
Link to code
6.6 workflows.dmri.dipy.denoise

6.6.1 nlmeans_pipeline ()

Link to code
Workflow that performs nlmeans denoising

Example

>>> from nipype.workflows.dmri.dipy.denoise import nlmeans_pipeline
>>> denoise = nlmeans_pipeline()

>>> denoise.inputs.inputnode.in_file = 'diffusion.nii'

>>> denoise.inputs.inputnode.in_mask
>>> denoise.run ()

'mask.nii’
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Graph

inputnode (utility)

NLMeans (dipy)
outputnode (utility)

Denoise

6.6.2 bg_mask ()

Link to code
Rough mask of background from brain masks

6.6.3 csf mask ()

Link to code
Artesanal mask of csf in T2w-like images

6.7 workflows.dmri.dtitk.tensor_registration

6.7.1 affine_tensor_pipeline()

Link to code
Workflow that performs a linear registration (Rigid followed by Affine)

Example
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>>> from nipype.workflows.dmri.dtitk.tensor registration import affine_tensor_
—pipeline

>>> affine = affine_tensor_pipeline()
>>> affine.inputs.inputnode.fixed_file = 'iml.nii'
>>> affine.inputs.inputnode.moving_file = "im2.nii'

>>> affine.run()

Graph

inputnode (utility)

rigid_node (dtitk)

affine_node (dtitk)

outputnode (utility)

AffTen

6.7.2 diffeomorphic_tensor_pipeline ()

Link to code

Workflow that performs a diffeomorphic registration (Rigid and Affine followed by Diffeomorphic) Note: the
requirements for a diffeomorphic registration specify that the dimension 0 is a power of 2 so images are resliced
prior to registration. Remember to move origin and reslice prior to applying xfm to another file!

Example

>>> from nipype.workflows.dmri.dtitk.tensor registration import diffeomorphic_
—tensor_pipeline

>>> diffeo = diffeomorphic_tensor_pipeline()

>>> diffeo.inputs.inputnode.fixed_file = "iml.nii'

(continues on next page)
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(continued from previous page)

>>> diffeo.inputs.inputnode.moving_file = '"im2.nii'
>>> diffeo.run()

Graph

inputnode (utility)

origin_node_fixed (dtitk)
Y
reslice_node_pow2 (dtitk) origin_node_moving (dtitk)

‘ reslice_node_moving (dtitk)

rigid_node (dtitk)

mask_node (dtitk)

affine_node (dtitk)

diffeo_node (dtitk)

compose_xfm_node (dtitk)

apply_xfm_node (dtitk) input_fa (dtitk)

adjust_vs_node_to_input (dtitk)

reslice_node_to_input (dtitk)

A
outputnode (utility)

DiffeoTen

6.8 workflows.dmri.fsl.artifacts

6.8.1 all fmb_pipeline ()

Link to code
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Builds a pipeline including three artifact corrections: head-motion correction (HMC), susceptibility-derived
distortion correction (SDC), and Eddy currents-derived distortion correction (ECC).
The displacement fields from each kind of distortions are combined. Thus, only one interpolation occurs be-

tween input data and result.

Warning: this workflow rotates the gradients table (b-vectors) [Leemans09].

Examples

>>>

>>> allcorr
allcorr.inputs.
allcorr.
allcorr.
allcorr.
allcorr.
allcorr.
allcorr.

>>>
>>> inputs.
inputs.
inputs.
inputs.
inputs.
run ()

inputnode
>>>
>>> inputnode
>>> inputnode
>>>

>>>

.in_bval
inputnode.

in_file

in_bvec

.bmap_mag
.bmap_pha
inputnode.

epi_param

from nipype.workflows.dmri.fsl.artifacts import all_fmb_pipeline
all fmb_pipeline ()
inputnode.

'epi.nii’
'diffusion.bval'
'diffusion.bvec'
= 'magnitude.nii'
'phase.nii’
'epi_param.txt'

6.8. workflows.dmri.fsl.artifacts
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Graph

inputnode (utility)

‘motion_correct

inputnode (ut

SpHDWI (utility)

DWICorcgistration

outputnode (utility)

fmb_correction

inputnode (utilty)

FMm_to_BO (ants)

EffEcho (utilty)

Cleanup

eddy_correct

inputnode (utility)

Bias (ants)

BOEqualize (utility)

inputnode (utility)

SPLDWIS (fs))

MskDilate (fsl)

TnitXforms (utility)

DWEqualize (uility)

CoRegistration (fs])

ApplyXFMs (fs))

RemoveNegative (fs])

MergeDWIs (fs])

outputnode (uility)

GatherMatrices (uility)

6.8. wo
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6.8.2 all_fsl pipeline ()

Link to code
Workflow that integrates FSL t opup and eddy.

Warning: this workflow rotates the gradients table (b-vectors) [Leemans09].

Warning: this workflow does not perform jacobian modulation of each DWI [Jonesi0].

Examples

>>> from nipype.workflows.dmri.fsl.artifacts import all_fsl pipeline
>>> allcorr = all_fsl_pipeline()

>>> allcorr.inputs.inputnode.in_file = 'epi.nii'

>>> allcorr.inputs.inputnode.alt_file = 'epi_rev.nii'

>>> allcorr.inputs.inputnode.in_bval = 'diffusion.bval'

>>> allcorr.inputs.inputnode.in_bvec = 'diffusion.bvec'

>>> allcorr.run()
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Graph

inputnode (utility)

peb_correction

b0_avg_pre (utility) gen_index (utility)

inputnode (utility)

0\.
é’

bO_ref (fsl) bet_dwi_pre (fsl)

y
fsl_eddy (fsl)

b0_avg_post (utility)

bet_dwi_post (fsl)
outputnode (utility)

Rotate_Bvec (utility)

outputnode (utility)
outputnode (utility)

fsl_all_correct

6.8.3 all peb_pipeline ()

Link to code
Builds a pipeline including three artifact corrections: head-motion correction (HMC), susceptibility-derived
distortion correction (SDC), and Eddy currents-derived distortion correction (ECC).

Warning: this workflow rotates the gradients table (b-vectors) [Leemans09].

Examples

>>> from nipype.workflows.dmri.fsl.artifacts import all_peb_pipeline
>>> allcorr = all_peb_pipeline()

>>> allcorr.inputs.inputnode.in_file = 'epi.nii'

>>> allcorr.inputs.inputnode.alt_file = 'epi_rev.nii'

(continues on next page)
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(continued from previous page)

>>> allcorr.inputs.inputnode.in_bval =
>>> allcorr.inputs.inputnode.in_bvec =
>>> allcorr.run()

'diffusion.bval'
'diffusion.bvec'
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Graph

(utility)

motion_correct
inputnode (utility)
T~
SplitDWI (utility) bet_dwi_pre (fsl)
DWICoregistration
Rotate_Bvec (utility)
outputnode (utility)
peb_coreection eddy_cbrrect
inputnode (utility) inputnode (utility)
bO_ref (fsl) b0_alt (sl) bO_avg (utility) ExtractDWI (utility)

b0_list (utility)

b0_merged (fsl)

topup (fsl)

Shiftmap2Warping

unwarp (fsl)

ScaleField (fsl)

outputnode (utility)

outputnode (utility) GatherMatrices (utility)
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6.8.4 ecc_pipeline ()

Link to code

ECC stands for Eddy currents correction.

Creates a pipeline that corrects for artifacts induced by Eddy currents in dMRI sequences. It takes a series of
diffusion weighted images and linearly co-registers them to one reference image (the average of all bOs in the
dataset).

DWISs are also modulated by the determinant of the Jacobian as indicated by [Jones10] and [Rohde04].

A list of rigid transformation matrices can be provided, sourcing from a hmc_pipeline () workflow, to
initialize registrations in a motion free framework.

A list of affine transformation matrices is available as output, so that transforms can be chained (discussion
here).

References

Example

>>> from nipype.workflows.dmri.fsl.artifacts import ecc_pipeline

>>> ecc = ecc_pipeline()

>>> ecc.inputs.inputnode.in_file = 'diffusion.nii'
>>> ecc.inputs.inputnode.in_bval = 'diffusion.bval'
>>> ecc.inputs.inputnode.in_mask = 'mask.nii'

>>> ecc.run()

Inputs:

inputnode.in_file - input dwi file

inputnode.in_mask - weights mask of reference image (a file with data range sin
—~[0.0, 1.0], indicating the weight of each voxel when computing the metric.
inputnode.in_bval - b-values table

inputnode.in_xfms - list of matrices to initialize registration (from head-motion
—scorrection)

Outputs:

outputnode.out_file - corrected dwi file

outputnode.out_xfms - list of transformation matrices
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Graph

inputnode (utility)
b0_avg (utility) ExtractDWI (utility)

DWICoigistrati

/ inputnode (utility)

CoRegistration (fsl)

ApplyXFMs (fsl)
RemoveNegative (fsl)
MergeDWIs (fsl)
outputnode (utility)
1
GatherMatrices (utility)

SplitDWTs (fs1)

ModulateDWIsE
RemoveNegative (fsl)
eddy_correct
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6.8.5 hmc_pipeline ()

Link to code

HMC stands for head-motion correction.

Creates a pipeline that corrects for head motion artifacts in dMRI sequences. It takes a series of diffusion
weighted images and rigidly co-registers them to one reference image. Finally, the b-matrix is rotated accord-
ingly [Leemans09] making use of the rotation matrix obtained by FLIRT.

Search angles have been limited to 4 degrees, based on results in [Yendikil3].

A list of rigid transformation matrices is provided, so that transforms can be chained. This is useful to correct
for artifacts with only one interpolation process (as previously discussed here), and also to compute nuisance
regressors as proposed by [Yendikil3].

Warning: This workflow rotates the b-vectors, so please be advised that not all the dicom converters ensure
the consistency between the resulting nifti orientation and the gradients table (e.g. dcm?2nii checks it).

References

Example

>>> from nipype.workflows.dmri.fsl.artifacts import hmc_pipeline
>>> hmc = hmc_pipeline()

>>> hmc.inputs.inputnode.in_file = 'diffusion.nii'
>>> hmc.inputs.inputnode.in_bvec = 'diffusion.bvec'
>>> hmc.inputs.inputnode.in_bval = 'diffusion.bval'
>>> hmc.inputs.inputnode.in_mask = 'mask.nii'

>>> hmc.run ()

Inputs:
inputnode.in_file - input dwi file
inputnode.in_mask - weights mask of reference image (a file with data range in [O.

-0, 1.0], indicating the weight of each voxel when computing the metric.
inputnode.in_bval - b-values file

inputnode.in_bvec - gradients file (b-vectors)

inputnode.ref_num (optional, default=0) index of the b0 volume that should be_
—taken as reference

Outputs:

outputnode.out_file - corrected dwi file
outputnode.out_bvec - rotated gradient vectors table
outputnode.out_xfms - list of transformation matrices
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Graph

inputnode (utility)

SphitDWI (utility)

MskDilate (fsl)

DWEqualize (utility)

DWICoregistration

inputnode (utility)
BOEqualize (utility)

-

CoRegistration (fsl)
/

Y
ApplyXFMs (fsl)

A 4

RemoveNegative (fsl)

MergeDWIs (fsl)
outputnode (utility)

6.8.6 remove_bias ()

Link to code

InsertRefmat (utility)
Rotate_Bvec (utility)
outputnode (utility)

motion_correct

This workflow estimates a single multiplicative bias field from the averaged b0 image, as suggested in

[Jeurissen2014].
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References

Example

>>> from nipype.workflows.dmri.fsl.artifacts import remove_bias
>>> bias = remove_bias ()

>>> bias.inputs.inputnode.in_file = 'epi.nii'

>>> bias.inputs.inputnode.in_bval = 'diffusion.bval'

>>> bias.inputs.inputnode.in_mask = 'mask.nii'

>>> bias.run ()
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Graph

@Bﬁ@ﬂ)@

bias_correct

6.8.7 sdc_fmb ()

Link to code
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SDC stands for susceptibility distortion correction. FMB stands for fieldmap-based.

The fieldmap based (FMB) method implements SDC by using a mapping of the B0 field as proposed by
[Jezzard95]. This workflow uses the implementation of FSL (FUGUE). Phase unwrapping is performed
using PRELUDE [Jenkinson03]. Preparation of the fieldmap is performed reproducing the script in FSL
fsl_prepare_fieldmap.

Example

>>> from nipype.workflows.dmri.fsl.artifacts import sdc_fmb
>>> fmb = sdc_fmb ()

>>> fmb.inputs.inputnode.in_file = 'diffusion.nii'

>>> fmb.inputs.inputnode.in_ref = list (range (0, 30, 6))

>>> fmb.inputs.inputnode.in_mask = 'mask.nii'

>>> fmb.inputs.inputnode.bmap_mag = 'magnitude.nii'

>>> fmb.inputs.inputnode.bmap_pha = 'phase.nii'

>>> fmb.inputs.inputnode.settings = 'epi_param.txt'

>>> fmb.run ()

Warning: Only SIEMENS format fieldmaps are supported.

References
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Graph

inputnode (utility)
/ —
PreparePhase (utility) @ Baseline (utility)

SplitDWIs (fsl)

BrainExtraction (fsl)

w ToRadSec (utility)
FMp_to_BO (ants)
PreliminaryFugue (fsl)

DemeanFmap (utility)

Despike (fsl) !l MskErode (fsl)

ApplyMask (fsl)

Merge (utility)

AddEdge (fsl)

AddEmptyVol (utility)

ComputeVSM (fsl)

UnwarpDWIs (fsl)

RemoveNegative (fsl)
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6.8.8 sdc_peb ()

Link to code

SDC stands for susceptibility distortion correction. PEB stands for phase-encoding-based.

The phase-encoding-based (PEB) method implements SDC by acquiring diffusion images with two different
enconding directions [Andersson2003]. The most typical case is acquiring with opposed phase-gradient blips
(e.g. A>>>P and P>>>A, or equivalently, -y and y) as in [Chiou2000], but it is also possible to use orthogonal
configurations [Cordes2000] (e.g. A>>>P and L>>>R, or equivalently -y and x). This workflow uses the
implementation of FSL (TOPUP).

Example

>>> from nipype.workflows.dmri.fsl.artifacts import sdc_peb
>>> peb = sdc_peb/()

>>> peb.inputs.inputnode.in_file = 'epi.nii'

>>> peb.inputs.inputnode.alt_file = 'epi_rev.nii'

>>> peb.inputs.inputnode.in_bval = 'diffusion.bval'

>>> peb.inputs.inputnode.in_mask = 'mask.nii'

>>> peb.run ()

References
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Graph

inputnode (utility)

b0_ref (fsl) '
b0_merged (fsl)

Shiftmap2W

ScaleField (fsl)

vsm2dfm (fsl)
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6.9 workflows.dmri.fsl.dti

6.9.1 bedpostx_parallel ()

Link to code
Does the same as create_bedpostx_pipeline () by splitting the input dMRI in small ROIs that are
better suited for parallel processing).

Example

>>> from nipype.workflows.dmri.fsl.dti import bedpostx_parallel

>>> params = dict(n_fibres = 2, fudge = 1, burn_in = 1000,

S n_jumps = 1250, sample_every = 25)

>>> bpwf = bedpostx_parallel ('nipype_bedpostx_parallel', params=params)

>>> bpwf.inputs.inputnode.dwi = 'diffusion.nii'
>>> bpwf.inputs.inputnode.mask = 'mask.nii'

>>> bpwf.inputs.inputnode.bvecs = 'bvecs'

>>> bpwf.inputs.inputnode.bvals = 'bvals'

>>> bpwf.run(plugin="'CondorDAGMan")

Inputs:

inputnode.dwi
inputnode.mask
inputnode.bvecs
inputnode.bvals

Outputs:

outputnode wraps all XFibres outputs
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Graph
inputnode (utility)
slice_dwi (misc)
xfibres (fsl)

phsamples fsamples
inputnode (utility) Merge_mean_fsamples (misc) Merge_dyads (misc) inputnode (utility)

Merge (misc) Merge (misc)
Mean (fsl) Mean (fsl)

outputnode (utility) outputnode (utility) outputnode (utility)

Make_dyads (fsl)

outputnode (utility)

bedpostx_parallel

6.9.2 create_bedpostx pipeline ()

Link to code

Creates a pipeline that does the same as bedpostx script from FSL - calculates diffusion model parameters

(distributions not MLE) voxelwise for the whole volume (by splitting it slicewise).

Example

>>> from nipype.workflows.dmri.fsl.dti import create_bedpostx_pipeline
>>> params = dict(n_fibres = 2, fudge = 1, burn_in = 1000,

. n_jumps = 1250, sample_every = 25)
>>> bpwf = create_bedpostx_pipeline ('nipype_bedpostx', params)

>>> bpwf.inputs.inputnode.dwi = 'diffusion.nii'
>>> bpwf.inputs.inputnode.mask = 'mask.nii'

>>> bpwf.inputs.inputnode.bvecs = 'bvecs'

>>> bpwf.inputs.inputnode.bvals = 'bvals'

>>> bpwf.run()

Inputs:

inputnode.dwi
inputnode.mask
inputnode.bvecs
inputnode.bvals

Outputs:

outputnode wraps all XFibres outputs

6.9. workflows.dmri.fsl.dti
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Graph

inputnode (utility)

slice_dwi (fsl) slice_msk (fsl)

mask_dwi (fsl)

xfibres (fsl)

thsamples ] phsgmples

@e (utility)

Merge (fsl)

inputnode (utility)

Merge (fsl) inputnode (utility)

Merge (fsl)

outputnode (utility) outputnode (utility) Mean (fsl)

make_dyads (fsl)

i outputnode (utility)

bedpostx

outputnode (utility)

6.9.3 merge_and_mean ()

Link to code
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Graph

inputnode (utility)
Merge (fsl)

outputnode (utility)
mm

6.9.4 merge_and_mean_parallel ()

Link to code
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Graph

inputnode (utility)

Merge (misc)

outputnode (utility)

6.9.5 transpose ()

Link to code

6.10 workflows.dmri.fsl.epi

6.10.1 create_dmri_preprocessing|()

Link to code

Creates a workflow that chains the necessary pipelines to correct for motion, eddy currents, and, if selected,
susceptibility artifacts in EPI dMRI sequences.

Deprecated since version 0.9.3: Use nipype.workflows.dmri.preprocess.
epi.all_fmb_pipeline () or nipype.workflows.dmri.preprocess.epi.
all_peb_pipeline () instead.

Warning: This workflow rotates the b-vectors, so please be advised that not all the dicom converters ensure
the consistency between the resulting nifti orientation and the b matrix table (e.g. dcm2nii checks it).
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Example

>>> nipype_dmri_preprocess = create_dmri_preprocessing('nipype_dmri_prep')
>>> nipype_dmri_preprocess.inputs.inputnode.in_file = 'diffusion.nii'

>>> nipype_dmri_preprocess.inputs.inputnode.in_bvec = 'diffusion.bvec'

>>> nipype_dmri_preprocess.inputs.inputnode.ref_num = 0

>>> nipype_dmri_preprocess.inputs.inputnode.fieldmap_mag = 'magnitude.nii'
>>> nipype_dmri_preprocess.inputs.inputnode.fieldmap_pha = 'phase.nii'

>>> nipype_dmri_preprocess.inputs.inputnode.te_diff = 2.46

>>> nipype_dmri_preprocess.inputs.inputnode.epi_echospacing = 0.77

>>> nipype_dmri_preprocess.inputs.inputnode.epi_rev_encoding = False

>>> nipype_dmri_preprocess.inputs.inputnode.pi_accel_factor = True

>>> nipype_dmri_preprocess.run ()

Inputs:
inputnode.in_file - The diffusion data
inputnode.in_bvec - The b-matrix file, in FSL format and consistent with the in_

—~file orientation

inputnode.ref_num - The reference volume (a b=0 volume in dMRI)
inputnode.fieldmap_mag - The magnitude of the fieldmap
inputnode.fieldmap_pha - The phase difference of the fieldmap

inputnode.te_diff - TE increment used (in msec.) on the fieldmap acquisition,
— (generally 2.46ms for 3T scanners)
inputnode.epi_echospacing - The EPI EchoSpacing parameter (in msec.)

inputnode.epi_rev_encoding - True if reverse encoding was used (generally False)
inputnode.pi_accel_factor - Parallel imaging factor (aka GRAPPA acceleration
—factor)

inputnode.vsm_sigma - Sigma (in mm.) of the gaussian kernel used for in-slice
—smoothing of the deformation field (voxel shift map, vsm)

Outputs:

outputnode.dmri_corrected
outputnode.bvec_rotated

Optional arguments:

use_fieldmap - True if there are fieldmap files that should be used (default True)
fieldmap_registration - True if registration to fieldmap should be performed
— (default False)
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Graph

inputnode (utility)
.
eddy_correct \ motion_correct
inputnode (utility) inputnode (utility)
coregistration (fsl) coregistration (fsl)
merge (fsl) merge (fsl) rotate_b_matrix (utility)
outputnode (utility)
epidewp!
inputnode (utility)
select_magnitude (fsl) dwell_time (utility)
dwi_split (utility) mask_magnitude (fsl)
mask_dilate (utility) normalize_phasediff (utility)

phase_unwrap (fsl)

fill_phasediff (utility)

generate_vsm (fsl)

vsm_mean_shift (utility)

dwi_fugue (fsl)

dwi_merge (fsl)

outputnode (utility)

outputnode (utility)

dMRI_preprocessing
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6.10.2 create_eddy_correct_pipeline ()

Link to code

Deprecated  since  version  0.9.3: Use nipype.workflows.dmri.preprocess.epi.
ecc_pipeline () instead.

Creates a pipeline that replaces eddy_correct script in FSL. It takes a series of diffusion weighted images and
linearly co-registers them to one reference image. No rotation of the B-matrix is performed, so this pipeline
should be executed after the motion correction pipeline.

Example
>>> nipype_eddycorrect = create_eddy_correct_pipeline ('nipype_eddycorrect')
>>> nipype_eddycorrect.inputs.inputnode.in_file = 'diffusion.nii'

>>> nipype_eddycorrect.inputs.inputnode.ref_num = 0
>>> nipype_eddycorrect.run ()

Inputs:

inputnode.in_file
inputnode.ref_num

Outputs:

outputnode.eddy_corrected
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Graph

inputnode (utility)

coregistration (fsl)

merge (fsl)

outputnode (utility)

eddy_correct

6.10.3 create_epidewarp_pipeline ()

Link to code

Replaces the epidewarp.fsl script (http://www.nmr.mgh.harvard.edu/~greve/fbirn/b0/epidewarp.fsl) for suscep-
tibility distortion correction of dMRI & fMRI acquired with EPI sequences and the fieldmap information (Jez-
zard et al., 1995) using FSL’s FUGUE. The registration to the (warped) fieldmap (strictly following the original
script) is available using fieldmap_registration=True.

156 Chapter 6. workflows.dmri


http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/dmri/fsl/epi.py#L512
http://www.nmr.mgh.harvard.edu/~greve/fbirn/b0/epidewarp.fsl

nipype Documentation, Release 1.1.0

Warning:

sdc_fmb () instead.

This workflow makes use of epidewarp.fsl a script of FSL deprecated long time ago.
The use of this workflow is not recommended, use nipype.workflows.dmri.preprocess.epi.

Example

>>> nipype_epicorrect =
—registration=False)

>>> nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.
nipype_epicorrect.

>>>
>>>
>>>
>>>
>>>
>>>
>>>

>>> run ()

inputs.
inputs.
inputs.
inputs.
inputs.
inputs.
inputs.
inputs.

create_epidewarp_pipeline ('nipype_epidewarp',

inputnode.
inputnode.
inputnode.
inputnode.
inputnode.
inputnode.
inputnode.

inputnode

fieldmap_
in file = '"diffusion.nii'
fieldmap_mag =
fieldmap_pha =
te_diff = 2.46
epi_echospacing =
epi_rev_encoding =
ref_num = 0

'magnitude.nii’
'phase.nii’

0.77
False

.pi_accel_factor = 1.0

Inputs:

inputnode.
inputnode.
inputnode.
inputnode.
inputnode.
inputnode.
— (default vy)

— (GRAPPA)

—vsm (voxel shift map)

inputnode.ref_num - The reference volume

in_file - The volume acquired with EPI sequence
fieldmap_mag - The magnitude of the fieldmap
fieldmap_pha - The phase difference of the fieldmap
te_diff - Time difference between TE in ms.
epi_echospacing - The echo spacing (aka dwell time)
epi_ph_encoding_dir - The phase encoding direction in EPI acquisition

in the EPI sequence

inputnode.epi_rev_encoding - True if it is acquired with reverse encoding
inputnode.pi_accel_factor - Acceleration factor used for EPI parallel imaging,

inputnode.vsm_sigma - Sigma value of the gaussian smoothing filter applied to the

(B=0 in dMRI or a central frame in fMRI)

Outputs:

outputnode.epi_corrected

Optional arguments:

fieldmap_registration - True if registration to fieldmap should be done (default,
—False)
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Graph

inputnode (utility)

dwell_time (utility)

R
mask_dilate (utility)

vsm_mean_shift (utility)

y
dwi_fugue (fsl)

/
@rge (fsl)
/
outputnode (utility)

epidewarp

6.10.4 create motion_correct_pipeline ()

Link to code

Creates a pipeline that corrects for motion artifact in dMRI sequences. It takes a series of diffusion weighted
images and rigidly co-registers them to one reference image. Finally, the b-matrix is rotated accordingly (Lee-
mans et al. 2009 - http://www.ncbi.nlm.nih.gov/pubmed/19319973), making use of the rotation matrix obtained
by FLIRT.

Deprecated  since  version  0.9.3: Use nipype.workflows.dmri.preprocess.epi.
hmc_pipeline () instead.
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Warning: This workflow rotates the b-vectors, so please be adviced that not all the dicom converters ensure
the consistency between the resulting nifti orientation and the b matrix table (e.g. dcm2nii checks it).

Example

>>>
>>>
>>>
>>>
>>>

nipype_motioncorrect

nipype_motioncorrect.
nipype_motioncorrect.
nipype_motioncorrect.
nipype_motioncorrect.

= create_motion_correct_pipeline('nipype_motioncorrect')

inputs.inputnode.in_file
inputs.inputnode.in_bvec
inputs.inputnode.ref_num
run ()

= 'diffusion.nii'
= 'diffusion.bvec'
=0

Inputs:

inputnode.in_file
inputnode.ref_num
inputnode.in_bvec

Outputs:

outputnode.motion_corrected
outputnode.out_bvec
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Graph

inputnode (utility)

coregistration (fsl)

merge (fsl) rotate_b_matrix (utility)

outputnode (utility)

motion_correct

6.10.5 fieldmap_correction ()

Link to code

Deprecated since version 0.9.3: Use nipype.workflows.dmri.preprocess.epi.sdc_fmb () in-
stead.

Fieldmap-based retrospective correction of EPI images for the susceptibility distortion artifact (Jezzard et al.,
1995). Fieldmap images are assumed to be already registered to EPI data, and a brain mask is required.
Replaces the former workflow, still available as create_epidewarp_pipeline(). The difference with respect the
epidewarp pipeline is that now the workflow uses the new fsl_prepare_fieldmap available as of FSL 5.0.
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Example

>>> nipype_epicorrect = fieldmap_correction('nipype_epidewarp')

>>> nipype_epicorrect.inputs.inputnode.in_file = 'diffusion.nii'

>>> nipype_epicorrect.inputs.inputnode.in_mask = 'brainmask.nii'

>>> nipype_epicorrect.inputs.inputnode.fieldmap_pha = 'phase.nii'

>>> nipype_epicorrect.inputs.inputnode.fieldmap_mag = 'magnitude.nii'
>>> nipype_epicorrect.inputs.inputnode.te_diff = 2.46

>>> nipype_epicorrect.inputs.inputnode.epi_echospacing = 0.77

>>> nipype_epicorrect.inputs.inputnode.encoding_direction = 'y'

>>> nipype_epicorrect.run()

Inputs:
inputnode.in_file - The volume acquired with EPI sequence
inputnode.in_mask - A brain mask

inputnode.fieldmap_pha - The phase difference map from the fieldmapping,
—registered to in_file

inputnode.fieldmap_mag - The magnitud maps (usually 4D, one magnitude per GRE_
—scan)

from the fieldmapping, registered to in_file

inputnode.te_diff - Time difference in msec. between TE in ms of the fieldmapping,,
— (usually a GRE sequence) .
inputnode.epi_echospacing - The effective echo spacing (aka dwell time) in msec.
—of the EPI sequence. If

EPI was acquired with parallel imaging, then the
—effective echo spacing is

eff_es = es / acc_factor.
inputnode.encoding_direction - The phase encoding direction in EPI acquisition,
— (default vy)
inputnode.vsm_sigma - Sigma value of the gaussian smoothing filter applied to the
—vsm (voxel shift map)

Outputs:

outputnode.epi_corrected
outputnode.out_vsm
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Graph

inputnode (utility)

J

/ ! prepare_fieldmap (fsl)

fieldmap_correction

6.10.6 topup_correction ()

Link to code

Deprecated since version 0.9.3: Use nipype.workflows.dmri.preprocess.epi.sdc_peb () in-
stead.

Corrects for susceptibilty distortion of EPI images when one reverse encoding dataset has been acquired

Example

>>> nipype_epicorrect = topup_correction('nipype_topup')

>>> nipype_epicorrect.inputs.inputnode.in_file_dir = 'epi.nii'
>>> nipype_epicorrect.inputs.inputnode.in_file_rev = 'epi rev.nii'
>>> nipype_epicorrect.inputs.inputnode.encoding _direction = ['y', 'y-']

(continues on next page)
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(continued from previous page)

>>> nipype_epicorrect.inputs.inputnode.ref_num = 0
>>> nipype_epicorrect.run()

Inputs:

inputnode.in_file_dir - EPI volume acquired in 'forward' phase encoding
inputnode.in_file_rev - EPI volume acquired in 'reversed' phase encoding
inputnode.encoding_direction - Direction encoding of in_file_dir
inputnode.ref_num - Identifier of the reference volumes (usually BO volume)

Outputs:

outputnode.epi_corrected
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Graph

merge?2 (utility)

merge (utility)

b0_comb (fsl)

outputnode (utility)

topup_correction

6.11 workflows.dmri.fsl.tbss

6.11.1 create_tbss_1_preproc()

Link to code
Preprocess FA data for TBSS: erodes a little and zero end slicers and creates masks(for use in FLIRT & FNIRT
from FSL). A pipeline that does the same as tbss_1_preproc script in FSL
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Example

>>> from nipype.workflows.dmri.fsl import tbss

>>> tbssl = tbss.create_tbss_1_preproc()
>>> tbssl.inputs.inputnode.fa_list = ['sl FA.nii', 's2_FA.nii', 's3_FA.nii']
Inputs:

inputnode.fa_list

Outputs:

outputnode.fa_list
outputnode.mask_list
outputnode.slices

Graph

inputnode (utility)

prepfa (fsl)

getmask]1 (fsl)

getmask?2 (fsl)

outputnode (utility)

tbss_1_preproc
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6.11.2 create_tbss_2_reg()

Link to code
TBSS nonlinear registration: A pipeline that does the same as ‘tbss_2_reg -t’ script in FSL. ‘-n’ option is not
supported at the moment.

Example

>>> from nipype.workflows.dmri.fsl import tbss

>>> tbss2 = create_tbss_2_reg(name="tbss2")

>>> tbss2.inputs.inputnode.target = fsl.Info.standard_image ("FMRIB58_FA_Imm.nii.gz
" )

>>> tbss2.inputs.inputnode.fa_list = ['sl FA.nii', 's2_FA.nii', 's3_FA.nii']

>>> tbss2.inputs.inputnode.mask_list = ['sl_mask.nii', 's2_mask.nii', 's3_mask.nii
']

Inputs:

inputnode.fa_list
inputnode.mask_list
inputnode.target

Outputs:

outputnode.field_list
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Graph

inputnode (utility)

outputnode (utility)

tbss_2_reg

6.11.3 create_tbss_3_postreg()

Link to code

Post-registration processing: derive mean_FA and mean_FA_skeleton from mean of all subjects in study. Tar-
get is assumed to be FMRIB58_FA_1mm. A pipeline that does the same as ‘tbss_3_postreg -S’ script from
FSL Setting ‘estimate_skeleton to False will use precomputed FMRIB58_FA-skeleton_1mm skeleton (same as
‘tbss_3_postreg -T").

Example

>>> from nipype.workflows.dmri.fsl import tbss

>>> tbss3 = tbss.create_tbss_3_postreg()

>>> tbss3.inputs.inputnode.fa_list = ['sl _wrapped FA.nii', 's2_ wrapped_ FA.nii',
—'s3_wrapped_FA.nii']

Inputs:

inputnode.field_list
inputnode.fa_list

Outputs:
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outputnode.
outputnode.
.meanfa_file

.mergefa_file

outputnode
outputnode

groupmask
skeleton_file
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Graph

‘ groupmask (fsl)

maskgroup (fsl)

makeskeleton (fsl)
outputnode (utility)

tbss_3_postreg
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6.11.4 create_tbss_4_prestats|()

Link to code

Post-registration processing:Creating skeleton mask using a threshold projecting all FA data onto skele-
ton.

A pipeline that does the same as tbss_4_prestats script from FSL

Example

>>> from nipype.workflows.dmri.fsl import tbss

>>> tbss4 = tbss.create_tbss_4_prestats (name="tbss4d"')
>>> tbss4.inputs.inputnode.skeleton_thresh = 0.2
Inputs:

inputnode.skeleton_thresh
inputnode.groupmask
inputnode.skeleton_file
inputnode.meanfa_file
inputnode.mergefa_file

Outputs:

outputnode.all_FA_skeletonised
outputnode.mean_FA_skeleton_mask
outputnode.distance_map
outputnode.skeleton_file
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Graph

inputnode (utility)

skeletonmask (fsl)

distancemap (fsl)
projectfa (fsl)
outputnode (utility)

tbss_4_prestats

6.11.5 create_tbss_all()

Link to code
Create a pipeline that combines create_tbss_* pipelines

Example
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>>> from nipype.workflows.dmri.fsl import tbss

>>> tbss_wf = tbss.create_tbss_all('tbss', estimate_skeleton=True)
>>> tbss_wf.inputs.inputnode.skeleton_thresh = 0.2
>>> tbss_wf.inputs.inputnode.fa_list = ['sl_wrapped FA.nii', 's2_wrapped FA.nii',

—'s3_wrapped_FA.nii']

>>> tbss_wf = tbss.create_tbss_all('tbss', estimate_skeleton=False)
>>> tbss_wf.inputs.inputnode.skeleton_thresh = 0.2
>>> tbss_wf.inputs.inputnode.fa_list = ['sl_wrapped FA.nii', 's2_wrapped FA.nii',

—'s3_wrapped_FA.nii']

Inputs:

inputnode.fa_list
inputnode.skeleton_thresh

Outputs:

outputnode.meanfa_file
outputnode.projectedfa_file
outputnode.skeleton_file
outputnode.skeleton_mask
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Graph

inputnode (utility)

tbss1

getmask] (fsl)

prepfa (fsl)

inputnode (utility)

outputnode (utility)

inputnode (utility)

tbss3

6.11. workf

oW

s.dmrj.fsl.tbss

applywarp (fs)
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6.11.6 create_tbss_non_FA()

Link to code
A pipeline that implement tbss_non_FA in FSL

Example

>>> from nipype.workflows.dmri.fsl import tbss

>>> tbss_MD = tbss.create_tbss_non_FA()

>>> tbss_MD.inputs.inputnode.file_list = []

>>> tbss_MD.inputs.inputnode.field_list = []

>>> tbss_MD.inputs.inputnode.skeleton_thresh = 0.2

>>> tbss_MD.inputs.inputnode.groupmask = './xxx'
>>> tbss_MD.inputs.inputnode.meanfa_file = './xxx'
>>> tbss_MD.inputs.inputnode.distance_map = []

>>> thbss_MD.inputs.inputnode.all_FA_file = './xxx'
Inputs:

inputnode.file_list
inputnode.field_list
inputnode.skeleton_thresh
inputnode.groupmask
inputnode.meanfa_file
inputnode.distance_map
inputnode.all_FA_file

Outputs:

outputnode.projected_nonFA_file
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Graph

/

outputnode (utility)

tbss_non_FA

6.11.7 tbssl_op_string()

Link to code

6.11.8 tbss4_op_string()

Link to code
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6.12 workflows.dmri.fsl.utils

6.12.1 apply_all_corrections ()

Link to code
Combines two lists of linear transforms with the deformation field map obtained typically after the SDC process.
Additionally, computes the corresponding bspline coefficients and the map of determinants of the jacobian.
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Graph

inputnode (utility)

ConvertWarp (fsl)

Reference (utility)

L anar‘pArﬁfa(‘tq
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6.12.2 cleanup_edge_pipeline ()

Link to code
Perform some de-spiking filtering to clean up the edge of the fieldmap (copied from fsl_prepare_fieldmap)

Graph

inputnode (utility)

Despike (fsl)

MskErode (fsl)

ApplyMask (fsl)
Merge (utility)

AddEdge (fsl)

outputnode (utility)

Cleanup
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6.12.3 dwi_flirt ()

Link to code
Generates a workflow for linear registration of dwi volumes

Graph

inputnode (utility)

Bias (ants) SplitDWIs (fs]) MskDilate (fsl)

BOEqualize (utility) ‘ DWEqualize (utility)

‘ CoRegistration (fsl)

ApplyXFMs (fsl)

(
' A

RemoveNegative (fsl)

MergeDWIs (fsl)
outputnode (utility)

DWICoregistration

6.12.4 vsm2warp ()

Link to code
Converts a voxel shift map (vsm) to a displacements field (warp).
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Graph

inputnode (utility)

outputnode (utility)

Shiftmap2W arping

6.12.5 add_empty_vol()

Link to code
Adds an empty vol to the phase difference image

6.12.6 b0_average ()

Link to code
A function that averages the b0 volumes from a DWI dataset. As current dMRI data are being acquired with all
b-values > 0.0, the lowb volumes are selected by specifying the parameter max_b.

Warning: b0 should be already registered (head motion artifact should be corrected).
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6.12.7 b0_indices ()

Link to code
Extract the indices of slices in a b-values file with a low b value

6.12.8 compute_readout ()

Link to code
Computes readout time from epi params (see eddy documentation).

Warning: params['echospacing'] should be in sec units.

6.12.9 copy_hdr()

Link to code

6.12.10 demean_image ()

Link to code
Demean image data inside mask

6.12.11 eddy_rotate_bvecs ()

Link to code
Rotates the input bvec file accordingly with a list of parameters sourced from eddy, as explained here.

6.12.12 enhance ()

Link to code

6.12.13 extract_bval ()

Link to code
Writes an image containing only the volumes with b-value specified at input

6.12.14 hmc_split ()

Link to code
Selects the reference and moving volumes from a dwi dataset for the purpose of HMC.

6.12.15 insert_mat ()

Link to code

6.12.16 rads2radsec()

Link to code
Converts input phase difference map to rads

6.12.17 recompose_dwi ()

Link to code
Recompose back the dMRI data accordingly the b-values table after EC correction
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6.12.18 recompose_xfm()

Link to code
Insert identity transformation matrices in b0 volumes to build up a list

6.12.19 remove_comp ()

Link to code
Removes the volume volid from the 4D nifti file

6.12.20 reorient_bvecs ()

Link to code
Checks reorientations of in_dwi w.r.t. o1d_dwi and reorients the in_bvec table accordingly.

6.12.21 rotate_bvecs ()

Link to code
Rotates the input bvec file accordingly with a list of matrices.

Note: the input affine matrix transforms points in the destination image to their corresponding coordinates in
the original image. Therefore, this matrix should be inverted first, as we want to know the target position of 7.

6.12.22 siemens2rads ()

Link to code

Converts input phase difference map to rads
6.12.23 time_avg()

Link to code
Average the input time-series, selecting the indices given in index

Warning: time steps should be already registered (corrected for head motion artifacts).

6.13 workflows.dmri.mrtrix.connectivity_mapping

6.13.1 create_connectivity_pipeline ()

Link to code

Creates a pipeline that does the same connectivity processing as in the dMRI: Connectivity - MRtrix, CMTK,
FreeSurfer example script. Given a subject id (and completed Freesurfer reconstruction) diffusion-weighted
image, b-values, and b-vectors, the workflow will return the subject’s connectome as a Connectome File Format
(CFF) file for use in Connectome Viewer (http://www.cmtk.org).

Example

>>> from nipype.workflows.dmri.mrtrix.connectivity mapping import create_
—connectivity_pipeline

>>> conmapper = create_connectivity_pipeline ("nipype_conmap")
>>> conmapper.inputs.inputnode.subjects_dir = '.'
>>> conmapper.inputs.inputnode.subject_id = 'subjl'

(continues on next page)
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(continued from previous page)

>>> conmapper.inputs.inputnode.dwi = 'data.nii.gz'
>>> conmapper.inputs.inputnode.bvecs = 'bvecs'
>>> conmapper.inputs.inputnode.bvals = 'bvals'

>>> conmapper.run ()

Inputs:

inputnode.
inputnode.
inputnode.
.bvecs
.bvals
inputnode.

inputnode
inputnode

subject_id
subjects_dir
dwi

resolution_network_file

Outputs:

outputnode.connectome
outputnode.cmatrix
outputnode.networks
outputnode. fa
outputnode.struct
outputnode.tracts
outputnode.rois
outputnode.odfs
outputnode.filtered_tractography
outputnode.tdi
outputnode.nxstatscff
outputnode.nxcsv
outputnode.cmatrices_csv
outputnode.mean_fiber_length
outputnode.median_fiber_length
outputnode.fiber_length_std

Graph

6.14 workflows.dmri.mrtrix.diffusion

6.14.1 create_mrtrix_dti_pipeline ()

Link to code

Creates a pipeline that does the same diffusion processing as in the ../../users/examples/dmri_mrtrix_dti example
script. Given a diffusion-weighted image, b-values, and b-vectors, the workflow will return the tractography
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computed from spherical deconvolution and probabilistic streamline tractography

Example

>>> dti = create_mrtrix_dti_pipeline ("mrtrix dti")
>>> dti.inputs.inputnode.dwi = 'data.nii'

>>> dti.inputs.inputnode.bvals = 'bvals'

>>> dti.inputs.inputnode.bvecs = 'bvecs'

>>> dti.run()

Inputs:

inputnode.dwi
inputnode.bvecs
inputnode.bvals

Outputs:

outputnode. fa
outputnode.tdi
outputnode.tracts_tck
outputnode.tracts_trk
outputnode.csdeconv

Graph

threshold_bO (mrtrix) !‘

crode_mask_firstpass (mrrix)
MRmultiply_merge (utility)

threshold_wmmask (mrtrix)

wﬂ@?ﬁ

dtiproc
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6.15 workflows.dmri.mrtrix.group_connectivity

6.15.1 create_group_connectivity_ pipeline ()

Link to code

Creates a pipeline that performs MRtrix structural connectivity processing on groups of subjects. Given a
diffusion-weighted image, and text files containing the associated b-values and b-vectors, the workflow will
return each subjects’ connectomes in a Connectome File Format (CFF) file, for use in Connectome Viewer
(http://www.cmtk.org).

Example

>>> import nipype.interfaces.freesurfer as fs

>>> import nipype.workflows.dmri.mrtrix.group_connectivity as groupwork
>>> import cmp

>>> from nipype.testing import example_data

>>> subjects_dir = '.'

>>> data_dir = '.'

>>> output_dir = '.'

>>> fs.FSCommand.set_default_subjects_dir (subjects_dir)

>>> group_list = {}

>>> group_list['groupl'] = ['subjl', 'subj2']

>>> group_list['group2'] = ['subj3', 'subjd']

>>> template_args = dict(dwi=[['subject_id'"', 'dwi']], bvecs=[['subject_id', 'bvecs
—'11, bvals=[['subject_id', 'bvals']])

>>> group_id = 'groupl'

>>> llpipeline = groupwork.create_group_connectivity_pipeline(group_list, group_
—~id, data_dir, subjects_dir, output_dir, template_args)

>>> parcellation_name = 'scale500'

>>> llpipeline.inputs.connectivity.mapping.Parcellate.parcellation_name =
—parcellation_name

[

>>> cmp_config = cmp.configuration.PipelineConfiguration ()

>>> cmp_config.parcellation_scheme = "Lausanne2008"

>>> llpipeline.inputs.connectivity.mapping.inputnode_within.resolution_network_
—~file = cmp_config._get_lausanne_parcellation('Lausanne2008"') [parcellation_name] [

—'node_information_graphml']
>>> llpipeline.run()

Inputs:

group_list: Dictionary of subject lists, keyed by group name

group_id: String containing the group name

data_dir: Path to the data directory

subjects_dir: Path to the Freesurfer 'subjects' directory

output_dir: Path for the output files

template_args_dict: Dictionary of template arguments for the connectivity,
—pipeline datasource

e.g. info = dict(dwi=[['subject_id', 'dwi']],
bvecs=[['subject_id', '"bvecs']],
bvals=[['subject_id', "bvals']])
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CHAPTER /

workflows.fmri

7.1 workflows.fmri.fsl.estimate

7.1.1 create fixed_effects_ flow()

Link to code
Create a fixed-effects workflow
This workflow is used to combine registered copes and varcopes across runs for an individual subject

Example

>>> fixedfx = create_fixed_effects_flow()

>>> fixedfx.base_dir = '".'

>>> fixedfx.inputs.inputspec.copes = [['copelrunl.nii.gz', 'copelrun2.nii.gz']l, [
—'cope2runl.nii.gz', 'cope2run2.nii.gz'l] # per contrast

>>> fixedfx.inputs.inputspec.varcopes = [['varcopelrunl.nii.gz', 'varcopelrun2.
—nii.gz'], ['varcope2runl.nii.gz', 'varcope2run2.nii.gz'l] # per contrast

>>> fixedfx.inputs.inputspec.dof_files = ['dofrunl', 'dofrun2']l # per run

>>> fixedfx.run/()

Inputs:

inputspec.copes : list of list of cope files (one list per contrast)

inputspec.varcopes : list of list of varcope files (one list per
contrast)

inputspec.dof_files : degrees of freedom files for each run

Outputs:

outputspec.resd4d : 4d residual time series

outputspec.copes : contrast parameter estimates

outputspec.varcopes : variance of contrast parameter estimates

outputspec.zstats : z statistics of contrasts

outputspec.tstats : t statistics of contrasts
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Graph

inputspec (utility)
copemerge (fsl)

varcopemerge (fsl)

gendofvolume (utility)

outputspec (utility)

fixedfx

7.1.2 create_modelfit_ workflow ()

Link to code
Create an FSL individual modelfitting workflow

Example

>>> modelfit = create_modelfit_workflow ()

>>> modelfit.base_dir = '.'

>>> info = dict ()

>>> modelfit.inputs.inputspec.session_info = info
>>> modelfit.inputs.inputspec.interscan_interval = 3.
>>> modelfit.inputs.inputspec.film_threshold = 1000
>>> modelfit.run ()

Inputs:
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inputspec.session_info : info generated by modelgen.SpecifyModel
inputspec.interscan_interval : interscan interval
inputspec.contrasts : list of contrasts

inputspec.film _threshold : image threshold for FILM estimation
inputspec.model_serial_correlations
inputspec.bases

Outputs:

outputspec.copes
outputspec.varcopes
outputspec.dof_file
outputspec.pfiles
outputspec.zfiles
outputspec.parameter_estimates
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Graph

inputspec (utility)

levelldesign (fsl)
modelestlmate (fsl)
conest1mate (fsl)

merge_contrasts (ut111ty)

outputspec (ut111ty)

modelfit
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7.1.3 create_overlay workflow()

Link to code
Setup overlay workflow

Graph

overlaystats (fsl)

overlay

7.2 workflows.fmri.fsl.preprocess

7.2.1 create_featreg preproc ()

Link to code
Create a FEAT preprocessing workflow with registration to one volume of the first run

Parameters

name : name of workflow (default: featpreproc)

highpass : boolean (default: True)

whichvol : which volume of the first run to register to ('first', 'middle', 'last
—', 'mean')

whichrun : which run to draw reference volume from (integer index or 'first',
—'middle', 'last')

Inputs:

inputspec.func : functional runs (filename or list of filenames)

inputspec.fwhm : fwhm for smoothing with SUSAN
inputspec.highpass : HWHM in TRs (if created with highpass=True)

Outputs:

outputspec.reference : volume to which runs are realigned
outputspec.motion_parameters : motion correction parameters
outputspec.realigned_files : motion corrected files
outputspec.motion_plots : plots of motion correction parameters
outputspec.mask : mask file used to mask the brain
outputspec.smoothed_files : smoothed functional data

(continues on next page)
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(continued from previous page)

outputspec.highpassed_files : highpassed functional data (if highpass=True)
outputspec.mean : mean file

Example

>>> preproc = create_featreg_preproc(
>>> preproc.inputs.inputspec.func = [
>>> preproc.inputs.inputspec.fwhm = 5
>>> preproc.inputs.inputspec.highpass
>>> preproc.base_dir = '/tmp'

>>> preproc.run ()

)

f3.nii', '"f£5.nii']

= 128./(2%2.5)

>>> preproc = create_featreg_preproc (highpass=False, whichvol="'mean')
>>> preproc.inputs.inputspec.func = 'f3.nii’

>>> preproc.inputs.inputspec.fwhm = 5

>>> preproc.base_dir = '/tmp'

>>> preproc.run ()
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Graph
inputspec (utility)
img2float (fsl)
extractref (fsl)
realign (fs])
meanfunc (fsl) plot_motion (fsl)
meanfuncmask (fsl)
maskfunc (fsl)
getthreshold (fsl)
threshold (fsl)
dilatemask (fsl) medianval (fsl)
susan_smoot
4
inputnode (utility) maskfunc2 (fsl)
mask (fs])
median (fsl) meanfunc2 (fsl)
A
merge (utility)
multi_inputs (utility)
smooth (fsl)
outputnode (utility)
maskfunc3 (fsl)
7.2. workflows.fmri.fsl.preprocess 197
concat (utility)




nipype Documentation, Release 1.1.0

7.2.2 create_fsl_fs_preproc ()

Link to code

Create a FEAT preprocessing workflow together with freesurfer

Parameters

name name
highpass
whichvol

)

of workflow (default:
(default: True)
which volume of the first run to register to

preproc)
boolean
'mean

("first', 'middle',

Inputs:

inputspec.f
inputspec.f
inputspec.h
inputspec.s
inputspec.s

functional runs (filename or list of filenames)
fwhm for smoothing with SUSAN

ighpass HWHM in TRs (if created with highpass=True)
ubject_id freesurfer subject id

ubjects_dir freesurfer subjects dir

unc
whm

Outputs:

outputspec.
outputspec.
outputspec.
outputspec.
outputspec.
outputspec.
outputspec.
outputspec.
outputspec.

reference volume to which runs are realigned
motion_parameters motion correction parameters
realigned_files motion corrected files
motion_plots plots of motion correction parameters
mask_file mask file used to mask the brain
smoothed_files smoothed functional data
highpassed_files highpassed functional data
reg_file bbregister registration files
reg_cost bbregister registration cost files

(if highpass=True)

Example

>>> preproc

>>> preproc
>>>
>>>
>>>
>>>

>>>

preproc.
preproc.
preproc.
preproc.
preproc.

= create_fsl_fs_preproc(whichvol="first")
.inputs.inputspec.highpass = 128./(2x2.5)
inputspec.func = ['f3.nii', 'f5.nii']
inputspec.subjects_dir = '.'
inputspec.subject_id = 'sl'
inputspec.fwhm = 6

inputs.
inputs.
inputs.
inputs.
run ()
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Graph

extractref (fsl)

inputspec uullty)

!slel (freesurfer)

transform (fruesurter}

—
plot motion (fsl) w

highpass (fsl)

outputspec (utility)

susan_smooth

preproc

7.2.3 create_parallelfeat_preproc ()

Link to code
Preprocess each run with FSL independently of the others

Parameters

name : name of workflow (default: featpreproc)
highpass : boolean (default: True)

Inputs:

7.2. workflows.fmri.fsl.preprocess
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inputspec.f
inputspec.f
inputspec.h

unc : functional runs (filename or list of filenames)

whm : fwhm for smoothing with SUSAN

ighpass : HWHM in TRs (if created with highpass=True)

Outputs:

outputspec.reference : volume to which runs are realigned
outputspec.motion_parameters : motion correction parameters
outputspec.realigned_files : motion corrected files
outputspec.motion_plots : plots of motion correction parameters
outputspec.mask : mask file used to mask the brain
outputspec.smoothed_files : smoothed functional data
outputspec.highpassed_files : highpassed functional data (if highpass=True)
outputspec.mean : mean file

Example

>>> preproc

>>> preproc.
>>> preproc.
>>> preproc.

>>> preproc

>>> preproc.

= create_parallelfeat_preproc()
inputs.inputspec.func = ['f3.nii', 'f5.nii']
inputs.inputspec.fwhm = 5
inputs.inputspec.highpass = 128./(2x2.5)
.base_dir = '"/tmp'

run ()

>>> preproc

>>> preproc.

>>> preproc
>>> preproc

>>> preproc.

= create_parallelfeat_preproc (highpass=False)
inputs.inputspec.func = 'f3.nii'
.inputs.inputspec.fwhm = 5

.base_dir = '"/tmp'

run ()
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Graph

inputspec (utility)

susan_smoQth

inputnode (utility)

mask (fsl)

meanfunc2 (fsl) median (fsl)

merge (utility)

multi_inputs (utility)

b

smooth (fsl)

outputnode (utility)

maskfunc3 (fsl)

meanfunc (fsl)

meanfuncmask (fsl)

maskfunc (fsl)

getthreshold (fsl)

threshold (fsl)

img2float (fsl)

extractref (fsl)

realign (fsl)

plot_motion (fsl)

dilatemask (fsl) medianval (fsl)

/
maskfunc2 (fsl)
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7.2.4 create_susan_smooth ()

Link to code
Create a SUSAN smoothing workflow

Parameters

name : name of workflow (default: susan_smooth)

separate_masks : separate masks for each run

Inputs:

inputnode.in_files : functional runs (filename or list of filenames)
inputnode.fwhm : fwhm for smoothing with SUSAN (float or list of floats)
inputnode.mask_file : mask used for estimating SUSAN thresholds (but not for
—smoothing)

Outputs:

outputnode.smoothed_files : functional runs (filename or list of filenames)
Example

>>> smooth = create_susan_smooth ()

>>> smooth.inputs.inputnode.in_files = "f3.nii’

>>> smooth.inputs.inputnode.fwhm = 5

>>> smooth.inputs.inputnode.mask_file = 'mask.nii'

>>> smooth.run ()
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Graph

inputnode (utility)

outputnode (utility)

susan_smooth

7.2.5 chooseindex ()

Link to code
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7.2.6 create_reg _workflow()

Link to code
Create a FEAT preprocessing workflow

Parameters

name : name of workflow (default: 'registration')

Inputs:

inputspec.source_files : files (filename or list of filenames to register)
inputspec.mean_image : reference image to use

inputspec.anatomical_image : anatomical image to coregister to
inputspec.target_image : registration target

Outputs:

outputspec. func2anat_transform : FLIRT transform
outputspec.anat2target_transform : FLIRT+FNIRT transform
outputspec.transformed_files : transformed files in target space
outputspec.transformed_mean : mean image in target space

Example

7.2.7 getbtthresh ()

Link to code

7.2.8 getmeanscale ()

Link to code

7.2.9 getthreshop ()

Link to code

7.2.10 getusans ()

Link to code

7.2.11 pickfirst ()

Link to code

7.2.12 pickmiddle ()

Link to code

7.2.13 pickrun()

Link to code
pick file from list of files

7.2.14 pickvol ()

Link to code

7.2. workflows.fmri.fsl.preprocess
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7.3 workflows.fmri.spm.preprocess

7.3.1 create_DARTEL_template ()

Link to code
Create a vbm workflow that generates DARTEL-based template

Example

>>> preproc = create_DARTEL_template ()

>>> preproc.inputs.inputspec.structural_files = [

.. os.path.abspath('sl.nii'"), os.path.abspath('s3.nii'")]
>>> preproc.inputs.inputspec.template_prefix = 'Template'

>>> preproc.run ()

Inputs:

inputspec.structural_files : structural data to be used to create templates
inputspec.template_prefix : prefix for dartel template

Outputs:

outputspec.template_file : DARTEL template
outputspec.flow_fields : warps from input struct files to the template
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Graph

segment (spm)

inputspec (utility)

dartel (spm)

outputspec (utility)

dartel_template

7.3.2 create_spm_preproc ()

Link to code

Create an spm preprocessing workflow with freesurfer registration and artifact detection.
The workflow realigns and smooths and registers the functional images with the subject’s freesurfer space.

Example

>>> preproc.inputs

>>> preproc.inputs.
>>> preproc.inputs.
>>> preproc.inputs.
>>> preproc.inputs.
>>> preproc.inputs.

>>> preproc = create_spm_preproc()
>>> preproc.base_dir = '.'

.inputspec.fwhm = 6
inputspec.subject_id =
inputspec.subjects_dir

inputspec.functionals =
inputspec.norm_threshold
inputspec.zintensity_threshold

["£3.nii", '"f5.nii']

=3

Inputs:

inputspec. functionals
inputspec.subject_id
inputspec.subjects_dir

functional runs use 4d nifti
freesurfer subject id
freesurfer subjects dir

(continues on next page)

7.3. workflows.fmri.spm.preprocess
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(continued from previous page)

inputspec.fwhm : smoothing fwhm
inputspec.norm_threshold : norm threshold for outliers

inputspec.zintensity_threshold : intensity threshold in z-score

freesurfer space

Outputs:

outputspec.realignment_parameters : realignment parameter files
outputspec.smoothed_files : smoothed functional files
outputspec.outlier_files : list of outliers
outputspec.outlier_stats : statistics of outliers
outputspec.outlier_plots : images of outliers

outputspec.mask_file : binary mask file in reference image space
outputspec.reg_file : registration file that maps reference image to

outputspec.reg_cost : cost of registration (useful for detecting misalignment)

208

Chapter 7. workflows.fmri




nipype Documentation, Release 1.1.0

Graph

inputspec (utility)

realign (spm)

getmask |

inputspec (utility)

basd

fssource (i0) register (freesurfer)

smooth (spm)

threshold (freesurfer)

transform (freesurfer)

threshold2 (freesurfer)

outputspec (utility)

X artdetect (rapidart)
outputspec (utility)

preproc

7.3.3 create_vbm_preproc ()

Link to code
Create a vbm workflow that generates DARTEL-based warps to MNI space
Based on: http://www.fil.ion.ucl.ac.uk/~john/misc/VBMclass10.pdf
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Example

>>> preproc = create_vbm_preproc ()

>>> preproc.inputs.inputspec.fwhm = 8

>>> preproc.inputs.inputspec.structural_files = [

.. os.path.abspath('sl.nii'), os.path.abspath('s3.nii'")]
>>> preproc.inputs.inputspec.template_prefix = 'Template'

>>> preproc.run ()

Inputs:

inputspec.structural_files : structural data to be used to create templates
inputspec.fwhm: single of triplet for smoothing when normalizing to MNI space
inputspec.template_prefix : prefix for dartel template

Outputs:

outputspec.normalized_files : normalized gray matter files
outputspec.template_file : DARTEL template

outputspec.icv : intracranial volume (cc - assuming dimensions in mm)
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Graph

inputspec (utility)

d

artelf g
5
)

outputspec (utility)

vbmpreproc
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CHAPTER 8

workflows.misc

8.1 workflows.misc.utils

8.1.1 get_affine()

Link to code

8.1.2 get_data_dims ()

Link to code

8.1.3 get_vox_dims ()

Link to code

8.14 id_list_ from lookup_table()

Link to code

8.1.5 region_list_from_ volume ()

Link to code

8.1.6 select_aparc()

Link to code

8.1.7 select_aparc_annot ()

Link to code
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CHAPTER 9

workflows.rsfmri

9.1 workflows.rsfmri.fsl.resting

9.1.1 create_realign_flow()

Link to code

Realign a time series to the middle volume using spline interpolation

Uses MCFLIRT to realign the time series and ApplyWarp to apply the rigid body transformations using spline
interpolation (unknown order).

Example

>>> wf = create_realign_flow()
>>> wf.inputs.inputspec.func = '"f3.nii'
>>> wf.run()
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Graph

inputspec (utility)
realigner (fsl)

outputspec (utility)

realign

9.1.2 create_resting preproc ()

Link to code
Create a “resting” time series preprocessing workflow
The noise removal is based on Behzadi et al. (2007)

Parameters

name : name of workflow (default: restpreproc)
Inputs:
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inputspec. func

functional run

(filename or list of filenames)

Outputs:

outputspec.noise_mask_file

outputspec.filtered_file

components

series

voxels used for PCA to derive noise

bandpass filtered and noise-reduced time

Example

>>> TR = 3.0

>>> wf = create_resting_preproc ()

>>> wf.inputs.inputspec.func = 'f3.nii'

>>> wf.inputs.inputspec.num_noise_components = 6
>>> wf.inputs.inputspec.highpass_sigma = 100/ (2+TR)
>>> wf.inputs.inputspec.lowpass_sigma = 12.5/(2+TR)
>>> wf.run ()

9.1. workflows.rsfmri.fsl.resting
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Graph

inputspec (utility)

slicetimer (fsl)

inputspec (utility)
realigner (fsl)

outputspec (utility)

tsnr (confounds)
getthreshold (fsl)

threshold (fsl)

9.1. workflows.rsfmri.fsl.resting \
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9.1.3 select_volume ()

Link to code
Return the middle index of a file
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cHAPTER 10

workflows.smri

10.1 workflows.smri.ants.ANTSBuildTemplate

10.1.1 ANTSTemplateBuildSingleIterationWF ()

Link to code
Inputs:

inputspec.images :
inputspec.fixed_image :
inputspec.ListOfPassivelmagesDictionaries :

Outputs:

outputspec.template :
outputspec.transforms_list :
outputspec.passive_deformed_templates :
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Graph

BeginANTS (ants)

D
’
MakeTransformListWithGradientWarps (utility)
g

outputspec (utility)

ANTSTemplateBuildSinglelterationWF_

10.1.2 FlattenTransformAndImagesList ()

Link to code

10.1.3 GetFirstListElement ()

Link to code

10.1.4 MakeListsOfTransformLists ()

Link to code

10.1.5 MakeTransformListWithGradientWarps ()

Link to code

10.1.6 RenestDeformedPassiveImages ()

Link to code

10.2 workflows.smri.ants.antsRegistrationBuildTemplate

10.2.1 antsRegistrationTemplateBuildSingleIterationWF ()

Link to code

222 Chapter 10. workflows.smri


http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/smri/ants/ANTSBuildTemplate.py#L85
http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/smri/ants/ANTSBuildTemplate.py#L26
http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/smri/ants/ANTSBuildTemplate.py#L78
http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/smri/ants/ANTSBuildTemplate.py#L30
http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/smri/ants/ANTSBuildTemplate.py#L38
http://github.com/nipy/nipype/tree/9578f4d/nipype/workflows/smri/ants/antsRegistrationBuildTemplate.py#L181

nipype Documentation, Release 1.1.0

Inputs:

inputspec

inputspec.
.fixed_image
inputspec.
inputspec.

images

ListOfPassivelImagesDictionaries
interpolationMapping

Outputs:

outputspec.template
outputspec.transforms_list
outputspec.passive_deformed_templates

Graph

99_MakeTransformListWithGradientWarps (utility)

strationTempl glelterationWF_

AvgDeformedPassiveImages (ants)

ReshapeAveragePassiveImageWithShapeUpdate (ants)

10.2.2 FlattenTransformAndImagesList ()

Link to code

10.2.3 GetFirstListElement ()

Link to code

10.2.4 GetMovingImages ()

Link to code

This currently ONLY works when registrationlmageTypes has length of exactly 1. When the new multi-variate
registration is introduced, it will be expanded.
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10.2.5 GetPassiveImages ()

Link to code

10.2.6 MakeTransformListWithGradientWarps ()

Link to code

10.2.7 RenestDeformedPassiveImages ()

Link to code

10.2.8 SplitAffineAndWarpComponents ()

Link to code

10.2.9 makeListOfOneElement ()

Link to code

10.3 workflows.smri.freesurfer.autorecon1

10.3.1 checkTls ()

Link to code
Verifying size of inputs and setting workflow parameters

10.3.2 create_AutoReconl ()

Link to code

Creates the AutoReconl workflow in nipype.

Inputs:: inputspec.T1_files : T1 files (mandatory) inputspec.T2_file : T2 file (optional) inputspec.FLAIR_file
: FLAIR file (optional) inputspec.cw256 : Conform inputs to 256 FOV (optional) inputspec.num_threads:
Number of threads to use with EM Register (default=1)

Outpus:

10.4 workflows.smri.freesurfer.autorecon?

10.4.1 copy_1ltas()

Link to code

10.5 workflows.smri.freesurfer.oem

10.5.1 create_bem flow()

Link to code
Uses MNE’s Watershed algorithm to create Boundary Element Meshes (BEM) for a subject’s brain, in-
ner/outer skull, and skin. The surfaces are returned in the desired (by default, stereolithic .stl) format.
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Example

>>> from nipype.workflows.smri.freesurfer import create_bem_flow
>>> bemflow = create_bem_flow/()

>>> bemflow.inputs.inputspec.subject_id = 'subjl'

>>> bemflow.inputs.inputspec.subjects_dir = '.'

>>> bemflow.run ()

Inputs:

inputspec.subject_id : freesurfer subject id

inputspec.subjects_dir : freesurfer subjects directory

Outputs:

outputspec.meshes : output boundary element meshes in (by default)
stereolithographic (.stl) format

Graph

inputspec (utility)

WatershedBEM (mne)

surfconvert (freesurfer)

outputspec (utility)

bem
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10.6 workflows.smri.freesurfer.recon

10.6.1 create _reconall workflow()

Link to code

Creates the ReconAll workflow in Nipype. This workflow is designed to run the same commands as FreeSurfer’s
reconall script but with the added features that a Nipype workflow provides. Before running this workflow, it is
necessary to have the FREESURFER_HOME environmental variable set to the directory containing the version
of FreeSurfer to be used in this workflow.

Example

>>> from nipype.workflows.smri.freesurfer import create_reconall_workflow

>>> recon_all = create_reconall_workflow()

>>> recon_all.inputs.inputspec.subject_id = 'subjl'
>>> recon_all.inputs.inputspec.subjects_dir = '.'

>>> recon_all.inputs.inputspec.Tl_files = 'Tl.nii.gz'

>>> recon_flow.run ()

Inputs:: inputspec.subjects_dir : subjects directory (mandatory) inputspec.subject_id : name of subject
(mandatory) inputspec.T1_files : T1 files (mandatory) inputspec.T2_file : T2 file (optional) input-
spec.FLAIR_file : FLAIR file (optional) inputspec.cw256 : Conform inputs to 256 FOV (optional) input-
spec.num_threads: Number of threads on nodes that utilize OpenMP (default=1) plugin_args : Dictionary
of plugin args to set to nodes that utilize OpenMP (optional)

Outputs:: postdatasink_outputspec.subject_id : name of the datasinked output folder in the subjects directory

Note: The input subject_id is not passed to the commands in the workflow. Commands that require subject_id

are reading implicit inputs from {SUBJECTS_DIR}/{subject_id}. For those commands the subject_id is set

to the default value and SUBJECTS_DIR is set to the node directory. The implicit inputs are then copied to
the node directory in order to mimic a SUBJECTS_DIR structure. For example, if the command implicitly
reads in brainmask.mgz, the interface would copy that input file to {node_dir}/{subject_id }/mri/brainmask.mgz
and set SUBJECTS_DIR to node_dir. The workflow only uses the input subject_id to datasink the outputs to
{subjects_dir}/{subject_id}.
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Graph

10.6.2 create_skullstripped_recon_flow ()

Link to code

Performs recon-all on voulmes that are already skull stripped. FreeSurfer failes to perform skullstrippig on some
volumes (especially MP2RAGE). This can be avoided by doing skullstripping before running recon-all (using
for example SPECTRE algorithm).

Example

>>> from nipype.workflows.smri.freesurfer import create_skullstripped_recon_flow
>>> recon_flow = create_skullstripped_recon_flow()

>>> recon_flow.inputs.inputspec.subject_id = 'subjl'

>>> recon_flow.inputs.inputspec.Tl_files = 'Tl.nii.gz'

>>> recon_flow.run ()

Inputs:: inputspec.T1_files : skullstripped T1_files (mandatory) inputspec.subject_id : freesurfer subject id
(optional) inputspec.subjects_dir : freesurfer subjects directory (optional)

Outputs:
outputspec.subject_id : freesurfer subject id
outputspec.subjects_dir : freesurfer subjects directory
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Graph

inputspec (utility)

@n_resume (fr@
outputspec (utility)

skullstripped_recon_all

10.7 workflows.smri.freesurfer.utils

10.7.1 create_get_stats_flow()

Link to code

Retrieves stats from labels

Parameters

name [string] name of workflow

withreg [boolean] indicates whether to register source to label
Example

Inputs:
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inputspec.source_file : reference image for mask generation
inputspec.label_file : label file from which to get ROIs

(optionally with registration)

inputspec.reg_file : bbreg file (assumes reg from source to label
inputspec.inverse : boolean whether to invert the registration
inputspec.subjects_dir : freesurfer subjects directory

Outputs:

outputspec.stats_file : stats file

Graph

inputspec (utility)

segstats (freesurfer)

outputspec (utility)

getstats

10.7.2 create_getmask_flow()

Link to code
Registers a source file to freesurfer space and create a brain mask in source space
Requires fsl tools for initializing registration

Parameters

name [string] name of workflow
dilate_mask [boolean] indicates whether to dilate mask or not

Example
>>> getmask = create_getmask_flow ()
>>> getmask.inputs.inputspec.source_file = 'mean.nii'

(continues on next page)
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(continued from previous page)

>>> getmask.inputs.inputspec.subject_id = 'sl1'
>>> getmask.inputs.inputspec.subjects_dir = '.'
>>> getmask.inputs.inputspec.contrast_type = 't2'

Inputs:

inputspec.source_file : reference image for mask generation
inputspec.subject_id : freesurfer subject id
inputspec.subjects_dir : freesurfer subjects directory
inputspec.contrast_type : MR contrast of reference image

Outputs:

outputspec.mask_file : binary mask file in reference image space

outputspec.reg_file : registration file that maps reference image to
freesurfer space

outputspec.reg_cost : cost of registration (useful for detecting misalignment)
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Graph

inputspec (utility)
register (freesurfer)

threshold (freesurfer)
transform (freesurfer)
threshold2 (freesurfer)

outputspec (utility)

getmask

10.7.3 create _tessellation_flow()

Link to code
Tessellates the input subject’s aseg.mgz volume and returns the surfaces for each region in stereolithic (.stl)

format
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Example

>>> from nipype.workflows.smri.freesurfer import create_tessellation_flow
>>> tessflow = create_tessellation_flow()

>>> tessflow.inputs.inputspec.subject_id = 'subjl'
>>> tessflow.inputs.inputspec.subjects_dir = '.'
>>> tessflow.inputs.inputspec.lookup_file = 'FreeSurferColorLUT.txt'

>>> tessflow.run ()

Inputs:

inputspec.subject_1id : freesurfer subject id

inputspec.subjects_dir : freesurfer subjects directory

inputspec.lookup_file : lookup file from freesurfer directory

Outputs:

outputspec.meshes : output region meshes in (by default) stereolithographic (.

—stl) format
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Graph

!
@_from_volume_no@
id_list_from_lookup_table_no@

outputspec (utility)

tessellate
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10.7.4 copy_file()

Link to code
Create a function to copy a file that can be modified by a following node without changing the original file.

10.7.5 copy_files ()

Link to code
Create a function to copy a file that can be modified by a following node without changing the original file

10.7.6 get_aparc_aseg()

Link to code
Return the aparc+aseg.mgz file

10.7.7 getdefaultconfig ()

Link to code

10.7.8 mkdir p ()

Link to code

10.8 workflows.smri.niftyreg.groupwise

10.8.1 create_groupwise_average ()

Link to code
Create the overall workflow that embeds all the rigid, affine and non-linear components.
Inputs:

inputspec.in_files - The input files to be registered

inputspec.ref_file - The initial reference image that the input files
are registered to

inputspec.rmask_file - Mask of the reference image

inputspec.in_trans_files - Initial transformation files (affine or
cpps)

Outputs:

outputspec.average_image — The average image

outputspec.cpp_files - The bspline transformation files

Example

>>> from nipype.workflows.smri.niftyreg import create_groupwise_average

>>> node = create_groupwise_average ('groupwise_av')
>>> node.inputs.inputspec.in_files = [

'filel.nii.gz', 'file2.nii.gz']
>>> node.inputs.inputspec.ref_file = ['ref.nii.gz']
>>> node.inputs.inputspec.rmask_file = ['mask.nii.gz']

>>> node.run ()
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Graph

inputspec (utility)

lin_reg0 \
inputspec (utility)
lin_reg (niftyreg)

ave_ims (niftyreg) }

outputspec (utility)
7

inputspec (utility)

lin_reg (niftyreg)

ave_ims (niftyreg)
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10.8.2 create_linear gw_step()

Link to code
Creates a workflow that performs linear co-registration of a set of images using RegAladin, producing an average
image and a set of affine transformation matrices linking each of the floating images to the average.

Inputs:
inputspec.in_files - The input files to be registered
inputspec.ref_file - The initial reference image that the input files

are registered to
inputspec.rmask_file - Mask of the reference image
inputspec.in_aff files - Initial affine transformation files

Outputs:

outputspec.average_image - The average image
outputspec.aff_files - The affine transformation files

Optional arguments:

linear_options_hash - An options dictionary containing a list of
parameters for RegAladin that take
the same form as given in the interface (default None)

demean - Selects whether to demean the transformation matrices when
performing the averaging (default True)
initial_affines - Selects whether to iterate over initial affine

images, which we generally won't have (default False)

Example

>>> from nipype.workflows.smri.niftyreg import create_linear_gw_step
>>> 1gw = create_linear_gw_step('my_linear coreg')
>>> lgw.inputs.inputspec.in_files = [
. 'filel.nii.gz', 'file2.nii.gz']
>>> 1lgw.inputs.inputspec.ref_file = ['ref.nii.gz']
>>> lgw.run()
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Graph

inputspec (utility)

lin_reg (niftyreg)

ave_ims (niftyreg)

outputspec (utility)

linear_gw_niftyreg

10.8.3 create_nonlinear gw_step()

Link to code
Creates a workflow that perform non-linear co-registrations of a set of images using RegF3d, producing an
non-linear average image and a set of cpp transformation linking each of the floating images to the average.

Inputs:
inputspec.in_files - The input files to be registered
inputspec.ref_file - The initial reference image that the input files

are registered to
inputspec.rmask_file - Mask of the reference image

inputspec.in_trans_files - Initial transformation files (affine or
cpps)

Outputs:

outputspec.average_image - The average image

outputspec.cpp_files - The bspline transformation files

Optional arguments:

nonlinear_options_hash - An options dictionary containing a list of
parameters for RegAladin that take the

(continues on next page)
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(continued from previous page)

same form as given in the interface (default None)
initial_affines - Selects whether to iterate over initial affine
images, which we generally won't have (default False)

Example

>>> from nipype.workflows.smri.niftyreg import create_nonlinear_gw_step
>>> nlc = create_nonlinear_gw_step('nonlinear_coreg')
>>> nlc.inputs.inputspec.in_files = [
. 'filel.nii.gz', 'file2.nii.gz']
>>> nlc.inputs.inputspec.ref_file = ['ref.nii.gz']
>>> nlc.run ()

Graph
inputspec (utility)
nonlin_reg (niftyreg)
ave_ims (niftyreg)
outputspec (utility)
nonlinear_gw_niftyreg
* Examples
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cHAPTER 11

dMRI: Camino, DTI

11.1 Introduction

This script, camino_dti_tutorial.py, demonstrates the ability to perform basic diffusion analysis in a Nipype
pipeline:

python dmri_camino_dti.py

We perform this analysis using the FSL course data, which can be acquired from here: http://www.fmrib.ox.ac.
uk/fslcourse/fsl_course_data2.tar.gz
Import necessary modules from nipype.

import os # system functions

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.utility as util # utility
import nipype.pipeline.engine as pe # pypeline engine
import nipype.interfaces.camino as camino

import nipype.interfaces.fsl as fsl

import nipype.interfaces.camino2trackvis as cam2trk
import nipype.algorithms.misc as misc

We use the following functions to scrape the voxel and data dimensions of the input images. This allows
the pipeline to be flexible enough to accept and process images of varying size. The SPM Face tutorial
(fmri_spm_face.py) also implements this inferral of voxel size from the data.

def get_vox_dims (volume) :
import nibabel as nb
from nipype.utils import NUMPY_MMAP
if isinstance (volume, list):
volume = volume[O0]
nii = nb.load(volume, mmap=NUMPY_MMAP)
hdr = nii.header
voxdims = hdr.get_zooms ()
return [float (voxdims[0]), float (voxdims[1l]), float (voxdims[2])]

def get_data_dims (volume) :
import nibabel as nb

(continues on next page)
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from nipype.utils import NUMPY_MMAP
if isinstance (volume, list):
volume = volume[0]
nii = nb.load(volume, mmap=NUMPY_MMAP)
hdr = nii.header
datadims = hdr.get_data_shape ()
return [int (datadims[0]), int (datadims[1]), int (datadims[2]) ]

def get_affine(volume) :
import nibabel as nb
from nipype.utils import NUMPY_MMAP
nii = nb.load(volume, mmap=NUMPY_MMAP)
return nii.affine

subject_list = ['subjl']
fsl.FSLCommand.set_default_output_type ('NIFTI")

Map field names to individual subject runs

info = dict (
dwi=[['subject_id', 'data'll,
bvecs=[['subject_id', 'bvecs']],
bvals=[['subject_id', 'bvals']])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.engine.Node module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'"'], outfields=list (info.keys())),
name="'datasource')

datasource.inputs.template = "%s/%s"
# This needs to point to the fdt folder you can find after extracting

# http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_datal.tar.gz
datasource.inputs.base_directory = os.path.abspath('fsl course_data/fdt/")

datasource.inputs.field_template = dict (dwi='%s/%s.nii.gz")
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

An inputnode is used to pass the data obtained by the data grabber to the actual processing functions

inputnode = pe.Node (

(continues on next page)
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interface=util.IdentityInterface (fields=["dwi", "bvecs", "bvals"]),
name="inputnode")

11.1.1 Setup for Diffusion Tensor Computation

In this section we create the nodes necessary for diffusion analysis. First, the diffusion image is converted to
voxel order.

image2voxel = pe.Node (interface=camino.Image2Voxel (), name="image2voxel")
fsl2scheme = pe.Node (interface=camino.FSL2Scheme (), name="fsl2scheme")
fsl2scheme. inputs.usegradmod = True

Second, diffusion tensors are fit to the voxel-order data.

dtifit = pe.Node (interface=camino.DTIFit (), name='dtifit"')

Next, a lookup table is generated from the schemefile and the signal-to-noise ratio (SNR) of the unweighted
(g=0) data.

dtlutgen = pe.Node (interface=camino.DTLUTGen (), name="dtlutgen")
dtlutgen.inputs.snr = 16.0
dtlutgen.inputs.inversion = 1

In this tutorial we implement probabilistic tractography using the PICo algorithm. PICo tractography requires an
estimate of the fibre direction and a model of its uncertainty in each voxel; this is produced using the following
node.

picopdfs = pe.Node (interface=camino.PicoPDFs (), name="picopdfs")
picopdfs.inputs.inputmodel = 'dt'

An FSL BET node creates a brain mask is generated from the diffusion image for seeding the PICo tractography.

bet = pe.Node(interface=£fsl.BET (), name="bet")
bet.inputs.mask = True

Finally, tractography is performed. First DT streamline tractography.

trackdt = pe.Node (interface=camino.TrackDT (), name="trackdt")

Now camino’s Probablistic Index of connectivity algorithm. In this tutorial, we will use only 1 iteration for
time-saving purposes.

trackpico = pe.Node (interface=camino.TrackPICo (), name="trackpico")
trackpico.inputs.iterations = 1

Currently, the best program for visualizing tracts is TrackVis. For this reason, a node is included to convert the
raw tract data to .trk format. Solely for testing purposes, another node is added to perform the reverse.

cam2trk_dt = pe.Node (interface=cam2trk.Camino2Trackvis (), name="cam2trk_ dt")
cam2trk_dt.inputs.min_length = 30
cam2trk_dt.inputs.voxel_order = 'LAS'

cam2trk_pico = pe.Node (

interface=cam2trk.Camino2Trackvis (), name="cam2trk_pico")
cam2trk_pico.inputs.min_length = 30
cam2trk_pico.inputs.voxel_order = 'LAS'

trk2camino = pe.Node (interface=cam2trk.Trackvis2Camino (), name="trk2camino")

Tracts can also be converted to VTK and OOGL formats, for use in programs such as GeomView and Paraview,
using the following two nodes. For VTK use VtkStreamlines.
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procstreamlines = pe.Node (
interface=camino.ProcStreamlines (), name="procstreamlines")
procstreamlines.inputs.outputtracts = 'oogl'

We can also produce a variety of scalar values from our fitted tensors. The following nodes generate the frac-
tional anisotropy and diffusivity trace maps and their associated headers.

fa = pe.Node (interface=camino.ComputeFractionalAnisotropy (), name='fa')
trace = pe.Node (interface=camino.ComputeTensorTrace (), name='trace')
dteig = pe.Node (interface=camino.ComputeEigensystem(), name='dteig")

analyzeheader_fa = pe.Node (
interface=camino.AnalyzeHeader (), name="analyzeheader_fa")

analyzeheader_fa.inputs.datatype = "double"

analyzeheader_trace = analyzeheader_fa.clone('analyzeheader_ trace')
fa2nii = pe.Node (interface=misc.CreateNifti (), name='fa2nii')
trace2nii = fa2nii.clone("trace2nii™)

Since we have now created all our nodes, we can now define our workflow and start making connections.

tractography = pe.Workflow (name='tractography')

tractography.connect ([ (inputnode, bet, [("dwi", "in_file")]1)])

File format conversion

tractography.connect ([ (inputnode, image2voxel, [("dwi", "in_file™)]),
(inputnode, fsl2scheme, [ ("bvecs", "bvec_file")
)

4
("bvals", "bval_file")1)1)

Tensor fitting

tractography.connect ([ (image2voxel, dtifit, [['voxel_order', 'in_file'll]),
(fsl2scheme, dtifit, [['scheme', 'scheme_file']])1])

Workflow for applying DT streamline tractogpahy

tractography.connect ([ (bet, trackdt, [("mask_file", "seed_file")1)])
tractography.connect ([ (dtifit, trackdt, [("tensor_ fitted", "in_ file™)]1)])

Workflow for applying PICo

tractography.connect bet, trackpico, [("mask file", "seed_ file")]1)])

tractography.connect fsl2scheme, dtlutgen, [ ("scheme", "scheme file")])])
tractography.connect dtifit, picopdfs, [("tensor_fitted", "in_file")])])

([«

([«

tractography.connect ([ (dtlutgen, picopdfs, [("dtLUT", "luts")])])
([«

tractography.connect ([ (picopdfs, trackpico, [("pdfs", "in_file")])])

# ProcStreamlines might throw memory errors — comment this line out in such case
tractography.connect ([ (trackdt, procstreamlines, [ ("tracked", "in_file")]1)])

Connecting the Fractional Anisotropy and Trace nodes is simple, as they obtain their input from the This is also
where our voxel- and data-grabbing functions come in. We pass these functions, along with the original DWI
image from the input node, to the header-generating nodes. This ensures that the files

tractography.connect ([ (dtifit, fa, [("tensor_fitted", "in_file")])1)
tractography.connect ([ (fa, analyzeheader_fa, [("fa", "in_file")1)])
tractography.connect ([ (inputnode, analyzeheader_fa,

[(('dwi', get_vox_dims), 'voxel dims'),
(('"dwi', get_data_dims), 'data_dims')]1)1])

(continues on next page)
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tractography.connect ([ (fa, fa2nii, [('fa', 'data_file')])])
tractography.connect ([ (inputnode, fa2nii, [(('dwi', get_affine), 'affine')])])
tractography.connect ([ (analyzeheader_fa, fa2nii, [('header', 'header_ file')])])
tractography.connect ([ (dtifit, trace, [("tensor_fitted", "in_file")])])
tractography.connect ([ (trace, analyzeheader_trace, [("trace", "in_ file")]1)1])
tractography.connect ([ (inputnode, analyzeheader_trace,

[(('"dwi', get_vox_dims), 'voxel_ dims'"),
(('dwi', get_data_dims), 'data_ dims')])])

tractography.connect ([ (trace, trace2nii, [('trace', 'data_file')])])

tractography.connect ([ (inputnode, trace2nii, [(('dwi', get_affine),
'affine')])])

tractography.connect ([ (analyzeheader_trace, trace2nii, [('header',

'header_file')])1)

tractography.connect ([ (dtifit, dteig, [("tensor_fitted", "in_file")])])
tractography.connect ([ (trackpico, cam2trk_pico, [('tracked', 'in_file')])])
tractography.connect ([ (trackdt, cam2trk_dt, [('tracked', 'in_file')])])
tractography.connect ([ (inputnode, cam2trk_pico,

[(('dwi', get_vox_dims), 'voxel dims'),
(('"dwi', get_data_dims), 'data_dims')]1)1)

tractography.connect ([ (inputnode, cam2trk_dt,
[(('"dwi', get_vox_dims), 'voxel_dims'"),
(('"dwi', get_data_dims), 'data_dims')]1)1)

Finally, we create another higher-level workflow to connect our tractography workflow with the info and data-
grabbing nodes declared at the beginning. Our tutorial can is now extensible to any arbitrary number of subjects
by simply adding their names to the subject list and their data to the proper folders.

workflow = pe.Workflow(name="workflow™)
workflow.base_dir = os.path.abspath('camino_dti_tutorial')
workflow.connect ([ (infosource, datasource, [('subject_id', 'subject_id')1),
(datasource, tractography,
[("dwi', 'inputnode.dwi'), ('bvals', 'inputnode.bvals'),
('"bvecs', 'inputnode.bvecs')])])

The following functions run the whole workflow and produce a .dot and .png graph of the processing pipeline.

if name == '_ _main

workflow.run ()
workflow.write_graph ()

You can choose the format of the experted graph with the format option. For example workflow.
write_graph (format='eps"')

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 12

dMRI: Connectivity - Camino, CMTK, FreeSurfer

12.1 Introduction

This script, connectivity_tutorial.py, demonstrates the ability to perform connectivity mapping using Nipype
for pipelining, Freesurfer for Reconstruction / Parcellation, Camino for tensor-fitting and tractography, and the
Connectome Mapping Toolkit (CMTK) for connectivity analysis:

python connectivity_tutorial.py

We perform this analysis using the FSL course data, which can be acquired from here:
http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz
This pipeline also requires the Freesurfer directory for ‘subjl’ from the FSL course data. To save time, this data
can be downloaded from here:
http://dl.dropbox.com/u/315714/subjl.zip?dl=1
A data package containing the outputs of this pipeline can be obtained from here:
http://db.tt/1vx4vLeP
Along with Camino, Camino-Trackvis, FSL, and Freesurfer, you must also have the Connectome File Format
library installed as well as the Connectome Mapper.
These are written by Stephan Gerhard and can be obtained from:
http://www.cmtk.org/
Or on github at:
CFFlib: https://github.com/LTS5/cfflib CMP: https://github.com/LTS5/cmp
Output data can be visualized in the ConnectomeViewer
ConnectomeViewer: https://github.com/LTS5/connectomeviewer
First, we import the necessary modules from nipype.

import inspect

import os.path as op # system functions

import cmp # connectome mapper

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.utility as util # utility
import nipype.pipeline.engine as pe # pypeline engine
import nipype.interfaces.camino as camino

import nipype.interfaces.fsl as fsl

import nipype.interfaces.camino2trackvis as cam2trk

(continues on next page)
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import nipype.interfaces.freesurfer as fs
import nipype.interfaces.cmtk as cmtk
import nipype.algorithms.misc as misc

# freesurfer

We define the following functions to scrape the voxel and data dimensions of the input images. This allows

the pipeline to be flexible enough to

accept and process images of varying size. The SPM Face tutorial

(fmri_spm_face.py) also implements this inferral of voxel size from the data. We also define functions to
select the proper parcellation/segregation file from Freesurfer’s output for each subject. For the mapping in
this tutorial, we use the aparc+seg.mgz file. While it is possible to change this to use the regions defined in
aparc.a2009s+aseg.mgz, one would also have to write/obtain a network resolution map defining the nodes based

on those

def get_vox_dims (volume) :
import nibabel as nb

if isinstance (volume,
volume volume [0]
nb.load (volume,
nii.header
hdr.get_zooms ()
[float (voxdims [0])

nii =
hdr
voxdims
return

def get_data_dims (volume) :

import nibabel as nb

if isinstance (volume,
volume volume [0]
nii = nb.load(volume,
hdr nii.header
datadims
return [int (datadims[0]),

def get_affine(volume) :

import nibabel as nb

nii nb.load (volume,

return nii.affine

def

if 'aparct+aseg.mgz'
idx
return list_of files[idx]

def

if '.aparc.annot'
idx
return list_of_files[idx]

from nipype.utils import NUMPY_MMAP
list):

mmap=NUMPY_MMAP)

, float (voxdims[1]), float (voxdims[2])]

from nipype.utils import NUMPY_MMAP
list):

mmap=NUMPY_MMAP)

hdr.get_data_shape ()

int (datadims[1]), int (datadims[2])]

from nipype.utils import NUMPY_MMAP
mmap=NUMPY_MMAP)

select_aparc(list_of_files):

for in file in list_of files:

in in_file:
list_of_files.index (in_file)

select_aparc_annot (list_of_files):

for in_file in list_of files:

in in_file:

list_of files.index(in_file)

These need to point to the main Freesurfer directory as well as the freesurfer subjects directory. No assumptions
are made about where the directory of subjects is placed. Recon-all must have been run on subjl from the FSL

course data.
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fs_dir = op.abspath('/usr/local/freesurfer')
subjects_dir = op.abspath(op.join(op.curdir, './subjects'))
fsl.FSLCommand.set_default_output_type ('NIFTI")

This needs to point to the fdt folder you can find after extracting http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_
data2.tar.gz

data_dir = op.abspath('fsl_course_data/fdt/")
fs.FSCommand.set_default_subjects_dir (subjects_dir)
subject_list = ['subjl']

An infosource node is used to loop through the subject list and define the input files. For our purposes, these
are the diffusion-weighted MR image, b vectors, and b values. The info dictionary is used to provide a template
of the naming of these files. For instance, the 4D nifti diffusion image is stored in the FSL course data as

data.nii.gz.
infosource = pe.Node (

interface=util.IdentityInterface (fields=["'subject_id']), name="infosource")
infosource.iterables = ('subject_id', subject_list)

info = dict (
dwi=[['subject_id', 'data'll,
bvecs=[["'subject_id', 'bvecs']],
bvals=[['subject_id', 'bvals']])

A datasource node is used to perform the actual data grabbing. Templates for the associated images are used to
obtain the correct images. The data are assumed to lie in data_dir/subject_id/.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['subject_id'], outfields=list (info.keys())),
name="'datasource')

datasource.inputs.template = "%s/%s"
datasource.inputs.base_directory = data_dir
datasource.inputs.field_template = dict (dwi='%s/%s.nii.gz")
datasource.inputs.template_args = info
datasource.inputs.base_directory = data_dir
datasource.inputs.sort_filelist = True

FreeSurferSource nodes are used to retrieve a number of image files that were automatically generated by the
recon-all process. Here we use three of these nodes, two of which are defined to return files for solely the left
and right hemispheres.

FreeSurferSource = pe.Node (interface=nio.FreeSurferSource (), name='fssource')
FreeSurferSource.inputs.subjects_dir = subjects_dir

FreeSurferSourcelH = pe.Node (
interface=nio.FreeSurferSource (), name='fssourcelLH")

FreeSurferSourcelH.inputs.subjects_dir = subjects_dir

FreeSurferSourcelH.inputs.hemi = 'l1h'

FreeSurferSourceRH = pe.Node (
interface=nio.FreeSurferSource (), name='fssourceRH")

FreeSurferSourceRH.inputs.subjects_dir = subjects_dir

FreeSurferSourceRH.inputs.hemi = 'rh'

Since the b values and b vectors come from the FSL course, we must convert it to a scheme file for use in
Camino.
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fsl2scheme = pe.Node (interface=camino.FSL2Scheme (), name="fsl2scheme")
fsl2scheme.inputs.usegradmod = True

FSL’s Brain Extraction tool is used to create a mask from the b0 image

pbOStrip = pe.Node (interface=fsl.BET (mask=True), name='bet_b0")

FSL’s FLIRT function is used to coregister the bO mask and the structural image. A convert_xfm node is
then used to obtain the inverse of the transformation matrix. FLIRT is used once again to apply the inverse
transformation to the parcellated brain image.

coregister = pe.Node (interface=fsl.FLIRT (dof=6), name='coregister')
coregister.inputs.cost = ('corratio')

convertxfm = pe.Node (interface=fsl.ConvertXFM (), name='convertxfm')
convertxfm.inputs.invert_xfm = True

inverse = pe.Node (interface=£fsl.FLIRT (), name='inverse')
inverse.inputs.interp = ('nearestneighbour')

inverse_AparcAseg = pe.Node (interface=fsl.FLIRT (), name='inverse_AparcAseqg')
inverse_AparcAseg.inputs.interp = ('nearestneighbour')

A number of conversion operations are required to obtain NIFTI files from the FreesurferSource for each subject.

Nodes are used to convert the following:

Original structural image to NIFTI

Parcellated white matter image to NIFTI

Parcellated whole-brain image to NIFTI

Pial, white, inflated, and spherical surfaces for both the left and right hemispheres are converted to GIFTI
for visualization in ConnectomeViewer

Parcellated annotation files for the left and right hemispheres are also converted to GIFTI

mri_convert_Brain = pe.Node (
interface=fs.MRIConvert (), name='mri_convert_Brain')
mri_convert_Brain.inputs.out_type = 'nii’

mri_convert_WMParc = mri_convert_Brain.clone('mri_convert_ WMParc')
mri_convert_AparcAseg = mri_convert_Brain.clone('mri_convert_ AparcAseg')

mris_convertLH = pe.Node (interface=fs.MRIsConvert (), name='mris_convertLH")
mris_convertLH.inputs.out_datatype = 'gii'

mris_convertRH = mris_convertLH.clone('mris_convertRH")

mris_convertRHwhite = mris_convertLH.clone ('mris_convertRHwhite')
mris_convertLHwhite = mris_convertLH.clone('mris_ convertLHwhite')
mris_convertRHinflated = mris_convertLH.clone ('mris_convertRHinflated'")
mris_convertLHinflated = mris_convertLH.clone('mris_convertLHinflated'")
mris_convertRHsphere = mris_convertLH.clone ('mris_convertRHsphere')
mris_convertLHsphere = mris_convertLH.clone ( ")
mris_convertLHlabels = mris_convertLH.clone ('mris_convertLHlabels")
mris_convertRHlabels = mris_convertLH.clone ( ")

'mris_convertLHsphere

'mris_convertRHlabels

An inputnode is used to pass the data obtained by the data grabber to the actual processing functions

inputnode = pe.Node (
interface=util.IdentityInterface(
fields=["dwi", "bvecs", "bvals", "subject_id"l]),
name="inputnode")

In this section we create the nodes necessary for diffusion analysis. First, the diffusion image is converted to
voxel order, since this is the format in which Camino does its processing.
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image2voxel = pe.Node (interface=camino.Image2Voxel (), name="image2voxel")

Second, diffusion tensors are fit to the voxel-order data. If desired, these tensors can be converted to a Nifti
tensor image using the DT2NIfTI interface.

’dtifit = pe.Node (interface=camino.DTIFit (), name='dtifit") ‘

Next, a lookup table is generated from the schemefile and the signal-to-noise ratio (SNR) of the unweighted
(q=0) data.

dtlutgen = pe.Node (interface=camino.DTLUTGen (), name="dtlutgen")
dtlutgen.inputs.snr = 16.0
dtlutgen.inputs.inversion = 1

In this tutorial we implement probabilistic tractography using the PICo algorithm. PICo tractography requires
an estimate of the fibre direction and a model of its uncertainty in each voxel; this probabilitiy distribution map
is produced using the following node.

picopdfs = pe.Node (interface=camino.PicoPDFs (), name="picopdfs")
picopdfs.inputs.inputmodel = 'dt'

Finally, tractography is performed. In this tutorial, we will use only one iteration for time-saving purposes. It
is important to note that we use the TrackPICo interface here. This interface now expects the files required for
PICo tracking (i.e. the output from picopdfs). Similar interfaces exist for alternative types of tracking, such as
Bayesian tracking with Dirac priors (TrackBayesDirac).

track = pe.Node(interface=camino.TrackPICo (), name="track")
track.inputs.iterations = 1

Currently, the best program for visualizing tracts is TrackVis. For this reason, a node is included to convert the
raw tract data to .trk format. Solely for testing purposes, another node is added to perform the reverse.

camino2trackvis = pe.Node (
interface=cam2trk.Camino2Trackvis (), name="camino2trk™)

camino2trackvis.inputs.min_length = 30

camino2trackvis.inputs.voxel_order = 'LAS'

trk2camino = pe.Node (interface=cam2trk.Trackvis2Camino (), name="trk2camino")

Tracts can also be converted to VTK and OOGL formats, for use in programs such as GeomView and Paraview,
using the following two nodes.

vtkstreamlines = pe.Node (

interface=camino.VtkStreamlines (), name="vtkstreamlines")
procstreamlines = pe.Node (

interface=camino.ProcStreamlines (), name="procstreamlines")
procstreamlines.inputs.outputtracts = 'oogl'

We can easily produce a variety of scalar values from our fitted tensors. The following nodes generate the
fractional anisotropy and diffusivity trace maps and their associated headers, and then merge them back into a
single .nii file.

fa = pe.Node (interface=camino.ComputeFractionalAnisotropy (), name='fa')
trace = pe.Node (interface=camino.ComputeTensorTrace (), name='trace')
dteig = pe.Node (interface=camino.ComputeEigensystem(), name='dteig')

analyzeheader_fa = pe.Node (

interface=camino.AnalyzeHeader (), name='analyzeheader fa')
analyzeheader_fa.inputs.datatype = 'double'
analyzeheader_trace = pe.Node (

interface=camino.AnalyzeHeader (), name='analyzeheader_trace')

(continues on next page)
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analyzeheader_trace.inputs.datatype = 'double'
fa2nii = pe.Node (interface=misc.CreateNifti (), name='falZnii')
trace2nii = fa2nii.clone("trace2niim)

This section adds the Connectome Mapping Toolkit (CMTK) nodes. These interfaces are fairly experimental
and may not function properly. In order to perform connectivity mapping using CMTK, the parcellated struc-
tural data is rewritten using the indices and parcellation scheme from the connectome mapper (CMP). This
process has been written into the ROIGen interface, which will output a remapped aparc+aseg image as well as
a dictionary of label information (i.e. name, display colours) pertaining to the original and remapped regions.
These label values are input from a user-input lookup table, if specified, and otherwise the default Freesurfer
LUT (/freesurfer/FreeSurferColorLUT.txt).

roigen = pe.Node (interface=cmtk.ROIGen (), name="ROIGen")

cmp_config = cmp.configuration.PipelineConfiguration (
parcellation_scheme="NativeFreesurfer")

cmp_config.parcellation_scheme = "NativeFreesurfer"

roigen.inputs.LUT_file = cmp_config.get_freeview_lut ("NativeFreesurfer") [
'freesurferaparc']

roigen_structspace = roigen.clone ('ROIGen_structspace')

The CreateMatrix interface takes in the remapped aparc+aseg image as well as the label dictionary and fiber
tracts and outputs a number of different files. The most important of which is the connectivity network itself,
which is stored as a ‘gpickle’ and can be loaded using Python’s NetworkX package (see CreateMatrix docstring).
Also outputted are various NumPy arrays containing detailed tract information, such as the start and endpoint
regions, and statistics on the mean and standard deviation for the fiber length of each connection. These matrices
can be used in the ConnectomeViewer to plot the specific tracts that connect between user-selected regions.

creatematrix = pe.Node (interface=cmtk.CreateMatrix (), name="CreateMatrix")

creatematrix.inputs.count_region_intersections = True
createnodes = pe.Node (interface=cmtk.CreateNodes (), name="CreateNodes")
createnodes.inputs.resolution_network_file = cmp_config.parcellation]|

'freesurferaparc'] ['node_information_graphml']

Here we define the endpoint of this tutorial, which is the CFFConverter node, as well as a few nodes which use
the Nipype Merge utility. These are useful for passing lists of the files we want packaged in our CFF file.

CFFConverter = pe.Node (interface=cmtk.CFFConverter (), name="CFFConverter")

giftiSurfaces = pe.Node (interface=util.Merge (8), name="GiftiSurfaces")
giftilLabels = pe.Node (interface=util.Merge (2), name="GiftiLabels")
niftivolumes = pe.Node (interface=util.Merge (3), name="NiftiVolumes")
fiberDataArrays = pe.Node (interface=util.Merge (4), name="FiberDataArrays")
gpickledNetworks = pe.Node (interface=util.Merge(l), name="NetworkFiles")

Since we have now created all our nodes, we can define our workflow and start making connections.

mapping = pe.Workflow (name='mapping')

First, we connect the input node to the early conversion functions. FreeSurfer input nodes:

mapping.connect ([ (inputnode, FreeSurferSource, [ ("subject_id",
"subject_id") 1) 1)
mapping.connect ([ (inputnode, FreeSurferSourcelH, [ ("subject_id",
"subject_id")1)1)
mapping.connect ([ (inputnode, FreeSurferSourceRH, [ ("subject_id",
"subject_id")]1)1)

Required conversions for processing in Camino:
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mapping.connect ([ (inputnode, image2voxel, [("dwi", "in_file")]),
(inputnode, fsl2scheme,
[("bvecs", "bvec_file"),
("bvals", "bval_ file")]), (image2voxel, dtifit,
[['voxel_order', 'in_file']l),
(fsl2scheme, dtifit, [['scheme', 'scheme_ file'l])1])

Nifti conversions for the parcellated white matter image (used in Camino’s conmap), and the subject’s stripped
brain image from Freesurfer:

mapping.connect ([ (FreeSurferSource, mri_convert_WMParc, [ ('wmparc',
"in_file')])1)
mapping.connect ([ (FreeSurferSource, mri_convert_Brain, [('brain',

'in_file')]) 1)

Surface conversions to GIFTT (pial, white, inflated, and sphere for both hemispheres)

mapping.connect ([ (FreeSurferSourcelH, mris_convertLH, [('pial', 'in_file')])])
mapping.connect ([ (FreeSurferSourceRH, mris_convertRH, [('pial', 'in_file')]1)])
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHwhite, [ ('white',
"in_file')]1)1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHwhite, [ ('white',
"in_file')])1)
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHinflated, [('inflated',
"in_file')]1)1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHinflated, [('inflated',
"in_file")1)1])
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHsphere, [ ('sphere',
"in_file')])1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHsphere, [ ('sphere',
"in_file')])1)

The annotation files are converted using the pial surface as a map via the MRIsConvert interface. One of the
functions defined earlier is used to select the lh.aparc.annot and rh.aparc.annot files specifically (rather than i.e.
rh.aparc.a2009s.annot) from the output list given by the FreeSurferSource.

mapping.connect ([ (FreeSurferSourcelH, mris_convertLHlabels, [('pial',
'in_file')]1) 1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHlabels, [('pial',
"in_file')])1)
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHlabels,
[(('annot', select_aparc_annot), 'annot_file')])])
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHlabels,

[(("annot', select_aparc_annot), 'annot_file')])])

This section coregisters the diffusion-weighted and parcellated white-matter / whole brain images. At present
the conmap node connection is left commented, as there have been recent changes in Camino code that have
presented some users with errors.

mapping.connect ([ (inputnode, bO0Strip, [('dwi', 'in_file')])])
mapping.connect ([ (b0Strip, coregister, [('out_file', 'in_file')])])
mapping.connect ([ (mri_convert_Brain, coregister, [('out_file', 'reference')])])
mapping.connect ([ (coregister, convertxfm, [('out_matrix file', 'in file')])])
mapping.connect ([ (b0Strip, inverse, [('out_file', 'reference')])])
mapping.connect ([ (convertxfm, inverse, [('out_file', 'in matrix file')])])
mapping.connect ([ (mri_convert_WMParc, inverse, [('out_file', '"in file')])1)

The tractography pipeline consists of the following nodes. Further information about the tractography can be
found in nipype/examples/dmri_camino_dti.py.
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mapping.connect b0Strip, track, [("mask file", "seed_ file")])])

([(
mapping.connect ([ (fsl2scheme, dtlutgen, [ ("scheme", "scheme_file")])1)
mapping.connect ([ (dtlutgen, picopdfs, [("dtLUT", "luts")1)1)
mapping.connect ([ (dtifit, picopdfs, [("tensor_ fitted", "in_file")]1)])
mapping.connect ([ (picopdfs, track, [("pdfs", "in_ file")1)1)

Connecting the Fractional Anisotropy and Trace nodes is simple, as they obtain their input from the tensor
fitting. This is also where our voxel- and data-grabbing functions come in. We pass these functions, along with
the original DWI image from the input node, to the header-generating nodes. This ensures that the files will be
correct and readable.

mapping.connect ([ (dtifit, fa, [("tensor_fitted", "in_file")])])
mapping.connect ([ (fa, analyzeheader_fa, [("fa", "in file")])1)
mapping.connect ([ (inputnode, analyzeheader_fa,

[(('dwi', get_vox_dims), 'voxel dims'),
(('"dwi', get_data_dims), 'data_dims')]1)1)

mapping.connect ([ (fa, fa2nii, [('fa', 'data_file')])])
mapping.connect ([ (inputnode, fa2nii, [(('dwi', get_affine), 'affine')])])
mapping.connect ([ (analyzeheader_fa, fa2nii, [('header', 'header_file')])])
mapping.connect ([ (dtifit, trace, [("tensor fitted", "in_file")]1)])
mapping.connect ([ (trace, analyzeheader_trace, [("trace", "in_file")])1)
mapping.connect ([ (inputnode, analyzeheader_trace,

[(('dwi', get_vox_dims), 'voxel dims'),
(('"dwi', get_data_dims), 'data_dims')]1)])

mapping.connect ([ (trace, trace2nii, [('trace', 'data_file')])])
mapping.connect ([ (inputnode, trace2nii, [(('dwi', get_affine), 'affine')])])
mapping.connect ([ (analyzeheader_trace, trace2nii, [('header',

'header_file')])1)

mapping.connect ([ (dtifit, dteig, [("tensor_fitted", "in_file")])])

The output tracts are converted to Trackvis format (and back). Here we also use the voxel- and data-grabbing
functions defined at the beginning of the pipeline.

mapping.connect ([ (track, camino2trackvis, [('tracked', 'in_file')]),
(track, vtkstreamlines, [['tracked', 'in_file'l]),
(camino2trackvis, trk2camino, [['trackvis', 'in_file']])1)
(

mapping.connect ([ (inputnode, camino2trackvis,
[(('"dwi', get_vox_dims), 'voxel_ dims")

(('dwi', get_data_dims), 'data_dims')])])

Here the CMTK connectivity mapping nodes are connected. The original aparc+aseg image is converted to
NIFTI, then registered to the diffusion image and delivered to the ROIGen node. The remapped parcellation,
original tracts, and label file are then given to CreateMatrix.

mapping.connect (createnodes, 'node_network', creatematrix,
'resolution_network_file')

mapping.connect ([ (FreeSurferSource, mri_convert_AparcAseq,

[(("aparc_aseg', select_aparc), 'in_file')])])
mapping.connect ([ (b0Strip, inverse_AparcAseg, [('out_file', 'reference')])])
mapping.connect ([ (convertxfm, inverse_AparcAseg, [('out_file',

'in_ matrix_file')1)1)
mapping.connect ([ (mri_convert_AparcAseg, inverse_AparcAseqg, [('out_file',
'in_file")1) 1)
mapping.connect ([ (mri_convert_AparcAseg, roigen_structspace,
[("out_file', 'aparc_aseg_file')]1)1)

(continues on next page)
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mapping.connect ([ (roigen_structspace, createnodes, [("roi_file",
"roi_file")]1)1)

mapping.connect ([ (inverse_AparcAseg, roigen, [("out_file",
"aparc_aseg_file")1)1)
mapping.connect ([ (roigen, creatematrix, [("roi_file", "roi_file")])])
mapping.connect ([ (camino2trackvis, creatematrix, [("trackvis",
"tract_file")]1)1)
mapping.connect ([ (inputnode, creatematrix, [ ("subject_id",
"out_matrix_file")]1)])
mapping.connect ([ (inputnode, creatematrix, [ ("subject_id",

"out_matrix_mat_file")]1)1)

The merge nodes defined earlier are used here to create lists of the files which are destined for the CFFConverter.

mapping.connect ([ (creatematrix, gpickledNetworks, [("matrix files"™, "inl")])])
mapping.connect ([ (mris_convertLH, giftiSurfaces, [("converted", "inl")]1)1])
mapping.connect ([ (mris_convertRH, giftiSurfaces, [("converted", "in2")])1])
mapping.connect ([ (mris_convertLHwhite, giftiSurfaces, [("converted", "in3")1)])
mapping.connect ([ (mris_convertRHwhite, giftiSurfaces, [("converted", "in4d")])])
mapping.connect ([ (mris_convertLHinflated, giftiSurfaces, [("converted",
"in5")1) 1)
mapping.connect ([ (mris_convertRHinflated, giftiSurfaces, [ ("converted",
"ine")1) 1)
mapping.connect ([ (mris_convertLHsphere, giftiSurfaces, [("converted",
"in7")1)1)
mapping.connect ([ (mris_convertRHsphere, giftiSurfaces, [("converted",
"ing8")1) 1)
mapping.connect ([ (mris_convertLHlabels, giftilabels, [ ("converted", "inl")]1)])
mapping.connect ([ (mris_convertRHlabels, giftiLabels, [("converted", "in2")1)])
mapping.connect ([ (roigen, niftivolumes, [("roi_file", "inl")])1])
mapping.connect ([ (inputnode, niftivolumes, [("dwi", "in2")1)1)
mapping.connect ([ (mri_convert_Brain, niftivVolumes, [("out_file", "in3")]1)])
mapping.connect ([ (creatematrix, fiberDataArrays, [ ("endpoint_file", "inl")])])
mapping.connect ([ (creatematrix, fiberDataArrays, [ ("endpoint_file mm",
"in2")1)1)
mapping.connect ([ (creatematrix, fiberDataArrays, [("fiber_ length_file",
"in3")1) 1)
mapping.connect ([ (creatematrix, fiberDataArrays, [("fiber_ label file",
"ind")1)1)

This block actually connects the merged lists to the CFF converter. We pass the surfaces and volumes that are to
be included, as well as the tracts and the network itself. The currently running pipeline (dmri_connectivity.py)
is also scraped and included in the CFF file. This makes it easy for the user to examine the entire processing
pathway used to generate the end product.

CFFConverter.inputs.script_files = op.abspath (
inspect.getfile (inspect.currentframe()))

mapping.connect ([ (giftiSurfaces, CFFConverter, [("out", "gifti_surfaces")])])
mapping.connect ([ (giftilLabels, CFFConverter, [("out", "gifti_ labels™")]1)1])
mapping.connect ([ (gpickledNetworks, CFFConverter, [ ("out",
"gpickled_networks")])])
mapping.connect ([ (niftivVolumes, CFFConverter, [("out", "nifti_volumes™")])])

(continues on next page)
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mapping.connect ([ (fiberDataArrays, CFFConverter, [("out", "data files")])1)

mapping.connect ([ (creatematrix, CFFConverter, [("filtered_ tractographies",
"tract_files")])])

mapping.connect ([ (inputnode, CFFConverter, [ ("subject_id", "title")]1)])

Finally, we create another higher-level workflow to connect our mapping workflow with the info and datagrab-
bing nodes declared at the beginning. Our tutorial can is now extensible to any arbitrary number of subjects by
simply adding their names to the subject list and their data to the proper folders.

connectivity = pe.Workflow (name="connectivity")

connectivity.base_dir op.abspath ('dmri_connectivity')

connectivity.connect ([ (infosource, datasource, [('subject_id', 'subject_id')]),
(datasource, mapping,
[('"dwi', 'inputnode.dwi'), ('bvals', 'inputnode.bvals'),
("bvecs', 'inputnode.bvecs')]),

(infosource, mapping, [ ('subject_id"',
'inputnode.subject_id')1)1)

The following functions run the whole workflow and produce graphs describing the processing pipeline. By
default, write_graph outputs a .dot file and a .png image, but here we set it to output the image as a vector
graphic, by passing the format="eps’ argument.

if name == '__ _main '

connectivity.run ()
connectivity.write_graph (format="'eps")

The output CFF file of this pipeline can be loaded in the Connectome Viewer. After loading the network into
memory it can be examined in 3D or as a connectivity matrix using the default scripts produced by the Code
Oracle. To compare networks, one must use the MergeCNetworks interface to merge two networks into a single
CFF file. Statistics can then be run using the Network Brain Statistics (NBS) plugin Surfaces can also be loaded
along with their labels from the aparc+aseg file. The tractography is included in the file so that region-to-region
fibers can be individually plotted using the Code Oracle.

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 13

dMRI: Connectivity - MRtrix, CMTK, FreeSurfer

13.1 Introduction

This script, connectivity_tutorial_advanced.py, demonstrates the ability to perform connectivity mapping using
Nipype for pipelining, Freesurfer for Reconstruction / Segmentation, MRtrix for spherical deconvolution and
tractography, and the Connectome Mapping Toolkit (CMTK) for further parcellation and connectivity analysis:

python connectivity_tutorial_advanced.py

We perform this analysis using the FSL course data, which can be acquired from here:
http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz

This pipeline also requires the Freesurfer directory for ‘subjl’ from the FSL course data. To save time, this data
can be downloaded from here:

http://dl.dropbox.com/u/315714/subj1.zip?dl=1

The result of this processing will be the connectome for subjl as a Connectome File Format (CFF) File, using
the Lausanne2008 parcellation scheme. A data package containing the outputs of this pipeline can be obtained
from here:

http://db.tt/909Q3ACI1

See also:

connectivity_tutorial.py Original tutorial using Camino and the NativeFreesurfer Parcellation Scheme
www.cmtk.org For more info about the parcellation scheme

Warning: The ConnectomeMapper (https://github.com/LTS5/cmp or www.cmtk.org) must be installed for
this tutorial to function!

13.2 Packages and Data Setup

Import necessary modules from nipype.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.utility as util # utility
import nipype.pipeline.engine as pe # pypeline engine
import nipype.interfaces.fsl as fsl

import nipype.interfaces.freesurfer as fs # freesurfer
import nipype.interfaces.mrtrix as mrtrix

(continues on next page)
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import nipype.algorithms.misc as misc

import nipype.interfaces.cmtk as cmtk

import nipype.interfaces.dipy as dipy

import inspect

import os

import os.path as op # system functions

from nipype.workflows.dmri.fsl.dti import create_eddy_correct_pipeline

from nipype.workflows.dmri.camino.connectivity mapping import select_aparc_annot
from nipype.utils.misc import package_check

import warnings

from nipype.workflows.dmri.connectivity.nx import create_networkx_pipeline,
—create_cmats_to_csv_pipeline

from nipype.workflows.smri.freesurfer import create_tessellation_flow

try:
package_check ('"cmp')
except Exception as e:
warnings.warn('cmp not installed')
else:
import cmp

This needs to point to the freesurfer subjects directory (Recon-all must have been run on subjl from the FSL
course data) Alternatively, the reconstructed subject data can be downloaded from:
e http://dl.dropbox.com/u/315714/subjl.zip

subjects_dir = op.abspath (op.join(op.curdir, './subjects'))
fs.FSCommand.set_default_subjects_dir (subjects_dir)
fsl.FSLCommand.set_default_output_type ('NIFTI')

fs_dir = os.environ['FREESURFER_HOME"']
lookup_file = op.join(fs_dir, 'FreeSurferColorLUT.txt")

This needs to point to the fdt folder you can find after extracting
* http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz

data_dir = op.abspath(op.join(op.curdir, 'exdata/'"))
subject_list = ['subjl']

Use infosource node to loop through the subject list and define the input files. For our purposes, these are the
diffusion-weighted MR image, b vectors, and b values.

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_id']), name="infosource")
infosource.iterables = ('subject_id', subject_list)

info = dict (
dwi=[['subject_id', 'data'll,
bvecs=[['subject_id', 'bvecs']],
bvals=[['subject_id', 'bvals']])

Use datasource node to perform the actual data grabbing. Templates for the associated images are used to obtain
the correct images.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'], outfields=list (info.keys())),
name="'datasource')

(continues on next page)
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datasource.inputs.template = "%s/%s"
datasource.inputs.base_directory = data_dir
datasource.inputs.field_template = dict (dwi=' /%s.nii.gz")
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

The input node and Freesurfer sources declared here will be the main conduits for the raw data to the rest of the
processing pipeline.

inputnode pe.Node (
interface=util.IdentityInterface (
fields=["subject_id",

name="inputnode")

"dwi", "bvecs", "bvals", "subjects_dir"]),

inputnode.inputs.subjects_dir subjects_dir

FreeSurferSource = pe.Node (interface=nio.FreeSurferSource (), name='fssource')
FreeSurferSourcelH = FreeSurferSource.clone('fssourcelLH")
FreeSurferSourcelH.inputs.hemi = 'lh'

FreeSurferSourceRH = FreeSurferSource.clone ('fssourceRH")
FreeSurferSourceRH.inputs.hemi = 'rh'

13.3 Creating the workflow’s nodes

13.3.1 Conversion nodes

A number of conversion operations are required to obtain NIFTI files from the FreesurferSource for each subject.
Nodes are used to convert the following:

Original structural image to NIFTI

Pial, white, inflated, and spherical surfaces for both the left and right hemispheres are converted to GIFTT for
visualization in ConnectomeViewer

Parcellated annotation files for the left and right hemispheres are also converted to GIFTI

mri_convert_Brain pe .Node (

interface=fs.MRIConvert (), name='mri_convert_ Brain')
mri_convert_Brain.inputs.out_type
mri_convert_ROI_scaleb500 mri_convert_Brain.clone('mri_convert ROI_scaleb500")

— lniiV

mris_convertLH pe.Node (interface=fs.MRIsConvert (), name='mris_convertLH")
mris_convertLH.inputs.out_datatype
mris_convertRH mris_convertLH.clone ('mris_convertRH'")

mris_convertRHwhite mris_convertLH.clone ('mris convertRHwhite')
mris_convertLHwhite mris_convertLH.clone ('mris_convertLHwhite'")

mris_convertRHinflated = mris_convertLH.clone('mris_convertRHinflated'")

lgiil

mris_convertLHinflated
mris_convertRHsphere
mris_convertLHsphere
mris_convertLHlabels
mris_convertRHlabels

mris_convertLH.clone ('mris_convertLHinflated'")
mris_convertLH.clone ('mris_convertRHsphere')

mris_convertLH.clone ('mris_convertLHsphere')
mris_convertLH.clone ('mris_convertLHlabels'")
mris_convertLH.clone ('mris_convertRHlabels')

13.3.2 Diffusion processing nodes

See also:

dmri_mrtrix_dti.py Tutorial that focuses solely on the MRtrix diffusion processing
http://www.brain.org.au/software/mrtrix/index.html MRtrix’s online documentation
b-values and b-vectors stored in FSL’s format are converted into a single encoding file for MRTrix.

13.3. Creating the workflow’s nodes 259


http://www.brain.org.au/software/mrtrix/index.html

nipype Documentation, Release 1.1.0

fsl2mrtrix = pe.Node (interface=mrtrix.FSL2MRTrix (), name='fslZ2mrtrix'")

Distortions induced by eddy currents are corrected prior to fitting the tensors. The first image is used as a
reference for which to warp the others.

eddycorrect = create_eddy_correct_pipeline (name="'eddycorrect')
eddycorrect.inputs.inputnode.ref_num = 1

Tensors are fitted to each voxel in the diffusion-weighted image and from these three maps are created:
Major eigenvector in each voxel

Apparent diffusion coefficient

Fractional anisotropy

dwi2tensor = pe.Node(interface=mrtrix.DWI2Tensor (), name='dwiZtensor')
tensor2vector = pe.Node (interface=mrtrix.Tensor2Vector (), name='tensor2vector')
tensor2adc = pe.Node (

interface=mrtrix.Tensor2ApparentDiffusion (), name='tensorZadc')
tensor2fa = pe.Node (

interface=mrtrix.Tensor2FractionalAnisotropy (), name='tensor2fa')
MRconvert_fa = pe.Node (interface=mrtrix.MRConvert (), name='MRconvert_fa')
MRconvert_fa.inputs.extension = 'nii'

These nodes are used to create a rough brain mask from the b0 image. The b0 image is extracted from the
original diffusion-weighted image, put through a simple thresholding routine, and smoothed using a 3x3 median
filter.

MRconvert = pe.Node (interface=mrtrix.MRConvert (), name='MRconvert')

MRconvert.inputs.extract_at_axis = 3
MRconvert.inputs.extract_at_coordinate = [0]

threshold_b0 = pe.Node (interface=mrtrix.Threshold(), name='threshold_b0")
median3d = pe.Node (interface=mrtrix.MedianFilter3D (), name='median3d')

The brain mask is also used to help identify single-fiber voxels. This is done by passing the brain mask through
two erosion steps, multiplying the remaining mask with the fractional anisotropy map, and thresholding the
result to obtain some highly anisotropic within-brain voxels.

erode_mask_firstpass = pe.Node (

interface=mrtrix.Erode (), name='erode_mask_firstpass')
erode_mask_secondpass = pe.Node (

interface=mrtrix.Erode (), name='erode_mask_secondpass')
MRmultiply = pe.Node (interface=mrtrix .MRMultiply (), name='MRmultiply')
MRmult_merge = pe.Node (interface=util.Merge (2), name='MRmultiply merge')
threshold_FA = pe.Node (interface=mrtrix.Threshold(), name='threshold_FA")
threshold_ FA.inputs.absolute_threshold_value = 0.7

For whole-brain tracking we also require a broad white-matter seed mask. This is created by generating a white
matter mask, given a brainmask, and thresholding it at a reasonably high level.

bet = pe.Node (interface=fsl.BET (mask=True), name='bet b0"')
gen_WM_mask = pe.Node (

interface=mrtrix.GenerateWhiteMatterMask (), name='gen_ WM mask')
threshold_wmmask = pe.Node (

interface=mrtrix.Threshold(), name='threshold_wmmask')
threshold_wmmask.inputs.absolute_threshold_value = 0.4

The spherical deconvolution step depends on the estimate of the response function in the highly anisotropic
voxels we obtained above.
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Warning: For damaged or pathological brains one should take care to lower the maximum harmonic order
of these steps.

estimateresponse = pe.Node (

interface=mrtrix.EstimateResponseForSH(), name='estimateresponse')
estimateresponse.inputs.maximum_harmonic_order = 6
csdeconv = pe.Node (

interface=mrtrix.ConstrainedSphericalDeconvolution (), name='csdeconv')
csdeconv.inputs.maximum_harmonic_order = 6

Finally, we track probabilistically using the orientation distribution functions obtained earlier. The tracts are
then used to generate a tract-density image, and they are also converted to TrackVis format.

probCSDstreamtrack = pe.Node (
interface=mrtrix.ProbabilisticSphericallyDeconvolutedStreamlineTrack(),
name="probCSDstreamtrack')

probCSDstreamtrack.inputs.inputmodel = 'SD_PROB'

probCSDstreamtrack.inputs.desired_number_of_tracks = 150000

tracks2prob = pe.Node (interface=mrtrix.Tracks2Prob (), name='tracks2prob')

tracks2prob.inputs.colour = True

MRconvert_tracks2prob = MRconvert_fa.clone (name='MRconvert_ tracks2prob')

tck2trk pe.Node (interface=mrtrix .MRTrix2TrackVis (), name='tck2trk'")

trk2tdi = pe.Node (interface=dipy.TrackDensityMap (), name='trk2tdi')

13.3.3 Structural segmentation nodes

The following node identifies the transformation between the diffusion-weighted image and the structural image.
This transformation is then applied to the tracts so that they are in the same space as the regions of interest.

coregister = pe.Node (interface=fsl.FLIRT (dof=6), name='coregister')
coregister.inputs.cost = ('normmi'")

Parcellation is performed given the aparc+aseg image from Freesurfer. The CMTK Parcellation step subdivides
these regions to return a higher-resolution parcellation scheme. The parcellation used here is entitled “scale500”
and returns 1015 regions.

parcellation_name = 'scaleb500'
parcellate = pe.Node (interface=cmtk.Parcellate(), name="Parcellate")
parcellate.inputs.parcellation_name = parcellation_name

The CreateMatrix interface takes in the remapped aparc+aseg image as well as the label dictionary and fiber
tracts and outputs a number of different files. The most important of which is the connectivity network itself,
which is stored as a ‘gpickle’ and can be loaded using Python’s NetworkX package (see CreateMatrix docstring).
Also outputted are various NumPy arrays containing detailed tract information, such as the start and endpoint
regions, and statistics on the mean and standard deviation for the fiber length of each connection. These matrices
can be used in the ConnectomeViewer to plot the specific tracts that connect between user-selected regions.

Here we choose the Lausanne2008 parcellation scheme, since we are incorporating the CMTK parcellation step.

parcellation_name = 'scale500'
cmp_config = cmp.configuration.PipelineConfiguration ()
cmp_config.parcellation_scheme = "Lausanne2008"
createnodes = pe.Node (interface=cmtk.CreateNodes (), name="CreateNodes")
createnodes.inputs.resolution_network_file = cmp_config._get_lausanne_
—parcellation (

'Lausanne2008") [parcellation_name] [ 'node_information_graphml']

(continues on next page)
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creatematrix = pe.Node (interface=cmtk.CreateMatrix (), name="CreateMatrix")
creatematrix.inputs.count_region_intersections = True

Next we define the endpoint of this tutorial, which is the CFFConverter node, as well as a few nodes which use
the Nipype Merge utility. These are useful for passing lists of the files we want packaged in our CFF file. The
inspect.getfile command is used to package this script into the resulting CFF file, so that it is easy to look back
at the processing parameters that were used.

CFFConverter = pe.Node (interface=cmtk.CFFConverter (), name="CFFConverter")
CFFConverter.inputs.script_files = op.abspath(
inspect.getfile(inspect.currentframe()))
giftiSurfaces = pe.Node (interface=util.Merge (9), name="GiftiSurfaces")
giftiLabels = pe.Node (interface=util.Merge (2), name="GiftiLabels")
niftivolumes = pe.Node (interface=util.Merge (3), name="NiftiVolumes")
fiberDataArrays = pe.Node (interface=util.Merge (4), name="FiberDataArrays")
gpickledNetworks = pe.Node (interface=util.Merge (2), name="NetworkFiles")

We also create a workflow to calculate several network metrics on our resulting file, and another CFF converter
which will be used to package these networks into a single file.

networkx = create_networkx_pipeline (name='networkx")
cmats_to_csv = create_cmats_to_csv_pipeline (name='cmats_to_csv')
NxStatsCFFConverter = pe.Node (
interface=cmtk.CFFConverter (), name="NxStatsCFFConverter")
NxStatsCFFConverter.inputs.script_files = op.abspath(
inspect.getfile (inspect.currentframe()))

tessflow = create_tessellation_flow(name='tessflow', out_format="'gii')
tessflow.inputs.inputspec.lookup_file = lookup_file

13.4 Connecting the workflow

Here we connect our processing pipeline.

13.4.1 Connecting the inputs, FreeSurfer nodes, and conversions

mapping = pe.Workflow (name='mapping')

First, we connect the input node to the FreeSurfer input nodes.

mapping.connect ([ (inputnode, FreeSurferSource, [("subjects_dir",
"subjects_dir")1)1)

mapping.connect ([ (inputnode, FreeSurferSource, [ ("subject_id",
"subject_id")1)])

mapping.connect ([ (inputnode, FreeSurferSourcelH, [ ("subjects_dir",
"subjects_dir")1)1)
mapping.connect ([ (inputnode, FreeSurferSourcelH, [ ("subject_id",

"subject_id")1) 1)

mapping.connect ([ (inputnode, FreeSurferSourceRH, [ ("subjects_dir",
"subjects_dir")1)1)

mapping.connect ([ (inputnode, FreeSurferSourceRH, [ ("subject_id",
"subject_id")1)1)

(continues on next page)
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mapping.connect ([ (inputnode, tessflow, [("subjects_dir",
"inputspec.subjects_dir")1)1)
mapping.connect ([ (inputnode, tessflow, [ ("subject_id",

"inputspec.subject_id")1)1)

mapping.connect ([ (inputnode, parcellate, [("subjects_dir", "subjects_dir")])])

mapping.connect ([ (inputnode, parcellate, [("subject_id", "subject_id")]1)1)

mapping.connect ([ (parcellate, mri_convert_ROI_scale500, [('roi_file',
Yin_file')]1)1)

Nifti conversion for subject’s stripped brain image from Freesurfer:

mapping.connect ([ (FreeSurferSource, mri_convert_Brain, [('brain',
"in_file')])1)

Surface conversions to GIFTT (pial, white, inflated, and sphere for both hemispheres)

mapping.connect ([ (FreeSurferSourcelH, mris_convertLH, [('pial', '"in_file')]1)])
mapping.connect ([ (FreeSurferSourceRH, mris_convertRH, [('pial', 'in_file')])])
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHwhite, [ ('white',
"in_file')])1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHwhite, [ ('white',
"in_file')]1)1)
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHinflated, [('inflated',
"in_file')])1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHinflated, [('inflated',
"in_file')1)1)
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHsphere, [ ('sphere',
"in_file')1)])
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHsphere, [ ('sphere',

'in _file')1)1)

The annotation files are converted using the pial surface as a map via the MRIsConvert interface. One of the
functions defined earlier is used to select the lh.aparc.annot and rh.aparc.annot files specifically (rather than e.g.
rh.aparc.a2009s.annot) from the output list given by the FreeSurferSource.

mapping.connect ([ (FreeSurferSourcelLH, mris_convertLHlabels, [('pial',
"in_file')])1)
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHlabels, [('pial',
"in_file")1)1])
mapping.connect ([ (FreeSurferSourcelH, mris_convertLHlabels,
[(("annot', select_aparc_annot), 'annot_file')])])
mapping.connect ([ (FreeSurferSourceRH, mris_convertRHlabels,

[(('annot', select_aparc_annot), 'annot_file')])])

13.4.2 Diffusion Processing

Now we connect the tensor COl’l’lplltatiOIlSZ

mapping.connect ([ (inputnode, fsl2mrtrix, [("bvecs", "bvec_file"),

("bvals", "bval_file")]1)1])
mapping.connect ([ (inputnode, eddycorrect, [("dwi", "inputnode.in_file™)])])
mapping.connect ([ (eddycorrect, dwi2tensor, [ ("outputnode.eddy_ corrected",

"in_file")]1)1)
mapping.connect ([ (fsl2mrtrix, dwi2tensor, [("encoding_ file",
"encoding_file")1)1)

(continues on next page)
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mapping.connect ([

(dwi2tensor, tensor2vector, [['tensor', 'in_file']l),
(dwi2tensor, tensor2adc, [['tensor', 'in_file'll),
(dwi2tensor, tensor2fa, [['tensor', 'in_file'll),

1)

mapping.connect ([ (tensor2fa, MRmult_merge, [("FA", "inl")])])

mapping.connect ([ (tensor2fa, MRconvert_fa, [("FA", "in file")1)1)

This block creates the rough brain mask to be multiplied, mulitplies it with the fractional anisotropy image, and
thresholds it to get the single-fiber voxels.

mapping.connect ([ (eddycorrect, MRconvert, [ ("outputnode.eddy_corrected",
"in file")1)1)
mapping.connect MRconvert, threshold_b0, [("converted", "in_file")])])

([«
mapping.connect ([ (threshold_b0, median3d, [("out_file", "in_file")]1)1)
mapping.connect ([ (median3d, erode_mask_firstpass, [("out_file", "in_file™)])])
mapping.connect ([ (erode_mask_firstpass, erode_mask_secondpass, [("out_file",
"in_file")1)1)
mapping.connect ([ (erode_mask_secondpass, MRmult_merge, [("out_file", "in2")])])
mapping.connect ([ (MRmult_merge, MRmultiply, [("out", "in_ files")]1)])
mapping.connect ([ (MRmultiply, threshold_FA, [("out_file", "in_file")]1)1])
Here the thresholded white matter mask is created for seeding the tractography.
mapping.connect ([ (eddycorrect, bet, [ ("outputnode.eddy_corrected",
"in_£ile")1)1])
mapping.connect ([ (eddycorrect, gen_WM mask, [ ("outputnode.eddy_ corrected",
"in_file")1)1)
mapping.connect ([ (bet, gen_WM mask, [ ("mask_file", "binary_mask")]1)])
mapping.connect ([ (fsl2mrtrix, gen_WM _mask, [ ("encoding file",
"encoding_file")1)])
mapping.connect ([ (gen_WM_mask, threshold_wmmask, [ ("WMprobabilitymap",
"in_file")]1)1)
Next we estimate the fiber response distribution.
mapping.connect ([ (eddycorrect, estimateresponse, [ ("outputnode.eddy_corrected",
"in_file")])1)
mapping.connect ([ (fsl2mrtrix, estimateresponse, [ ("encoding file",
"encoding_file")1)1])
mapping.connect ([ (threshold_FA, estimateresponse, [("out_file",
"mask_image")1)1)
Run constrained spherical deconvolution.
mapping.connect ([ (eddycorrect, csdeconv, [ ("outputnode.eddy_ corrected",
"in_file")1)1)
mapping.connect ([ (gen_WM_mask, csdeconv, [ ("WMprobabilitymap",
"mask_image")1)1)
mapping.connect ([ (estimateresponse, csdeconv, [ ("response",
"response_file")])])
mapping.connect ([ (fsl2mrtrix, csdeconv, [("encoding_ file", "encoding_ file")])])
Connect the tractography and compute the tract density image.
mapping.connect ([ (threshold_wmmask, probCSDstreamtrack, [("out_file",
"seed_file")1)1)
mapping.connect ([ (csdeconv, probCSDstreamtrack, [ ("spherical harmonics_image",
"in_file")1)1)

(continues on next page)
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mapping.connect ([ (probCSDstreamtrack, tracks2prob, [("tracked", "in_file")]1)1])

mapping.connect ([ (eddycorrect, tracks2prob, [ ("outputnode.eddy_corrected",
"template_file")]1)])
mapping.connect ([ (tracks2prob, MRconvert_tracks2prob, [("tract_image",

"in_file")1)1)

13.4.3 Structural Processing

First, we coregister the diffusion image to the structural image

mapping.connect ([ (eddycorrect, coregister, [ ("outputnode.eddy_corrected",
"in_file™)1)1)
mapping.connect ([ (mri_convert_Brain, coregister, [('out_file', 'reference')])])

The MRtrix-tracked fibers are converted to TrackVis format (with voxel and data dimensions grabbed from the
DWI). The connectivity matrix is created with the transformed .trk fibers and the parcellation file.

mapping.connect ([ (eddycorrect, tck2trk, [ ("outputnode.eddy_corrected",
"image_file")]1)1)
mapping.connect ([ (mri_convert_Brain, tck2trk, [("out_file",
"registration_image_file")])]

)
mapping.connect coregister, tck2trk, [("out_matrix_file", "matrix_file")])])

([«
mapping.connect ([ (probCSDstreamtrack, tck2trk, [("tracked", "in_file")])])
mapping.connect ([ (tck2trk, creatematrix, [("out_file", "tract_file")])])
mapping.connect ([ (tck2trk, trk2tdi, [("out_file", "in_file")])])
mapping.connect ([ (inputnode, creatematrix, [ ("subject_id",
"out_matrix_file")])1])
mapping.connect ([ (inputnode, creatematrix, [ ("subject_id",
"out_matrix_mat_file")]1)1])
mapping.connect ([ (parcellate, creatematrix, [("roi_ file", "roi_ file")])1])
mapping.connect ([ (parcellate, createnodes, [("roi_file", "roi_file")]1)1])
mapping.connect ([ (createnodes, creatematrix, [ ("node_network",

"resolution_network_file")1)1)

The merge nodes defined earlier are used here to create lists of the files which are destined for the CFFConverter.

mapping.connect ([ (mris_convertLH, giftiSurfaces, [("converted", "inl")]1)1])
mapping.connect ([ (mris_convertRH, giftiSurfaces, [("converted", "in2")1)])
mapping.connect ([ (mris_convertLHwhite, giftiSurfaces, [("converted", "in3")1)])
mapping.connect ([ (mris_convertRHwhite, giftiSurfaces, [("converted", "in4d")])])
mapping.connect ([ (mris_convertLHinflated, giftiSurfaces, [("converted",
"in5")1) 1)
mapping.connect ([ (mris_convertRHinflated, giftiSurfaces, [ ("converted",
"ine")1) 1)
mapping.connect ([ (mris_convertLHsphere, giftiSurfaces, [("converted",
"in7")1)1)
mapping.connect ([ (mris_convertRHsphere, giftiSurfaces, [("converted",
"ing8")1) 1)
mapping.connect ([ (tessflow, giftiSurfaces, [ ("outputspec.meshes", "in9")]1)])
mapping.connect ([ (mris_convertLHlabels, giftilabels, [ ("converted", "inl")]1)1)
mapping.connect ([ (mris_convertRHlabels, giftilLabels, [("converted", "in2")]1)])

mapping.connect ([ (parcellate, niftiVolumes, [("roi_file", "inl")1)1)

mapping.connect ([ (eddycorrect, niftivVolumes, [ ("outputnode.eddy_corrected",
"in2")1)1)

mapping.connect ([ (mri_convert_Brain, niftivVolumes, [("out_file”, "in3")1)])

(continues on next page)
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mapping.connect ([ (creatematrix, fiberDataArrays, [ ("endpoint_file", "inl")])])

mapping.connect ([ (creatematrix, fiberDataArrays, [ ("endpoint_file mm",
"in2")1)1)

mapping.connect ([ (creatematrix, fiberDataArrays, [("fiber_ length_file",
"in3")1)1)

mapping.connect ([ (creatematrix, fiberDataArrays, [("fiber_ label file",
"ind")1)1)

This block actually connects the merged lists to the CFF converter. We pass the surfaces and volumes
that are to be included, as well as the tracts and the network itself. The currently running pipeline
(dmri_connectivity_advanced.py) is also scraped and included in the CFF file. This makes it easy for the user
to examine the entire processing pathway used to generate the end product.

mapping.connect ([ (giftiSurfaces, CFFConverter, [("out", "gifti_surfaces")])])
mapping.connect ([ (giftilLabels, CFFConverter, [("out", "gifti labels")]1)])
mapping.connect ([ (creatematrix, CFFConverter, [("matrix files",
"gpickled_networks")1)1)
mapping.connect ([ (niftivVolumes, CFFConverter, [("out", "nifti_volumes")])])
mapping.connect ([ (fiberDataArrays, CFFConverter, [("out", "data files")])1)
mapping.connect ([ (creatematrix, CFFConverter, [("filtered_ tractographies",
"tract_files")])])
mapping.connect ([ (inputnode, CFFConverter, [ ("subject_id", "title")])])

The graph theoretical metrics are computed using the networkx workflow and placed in another CFF file

mapping.connect ([ (inputnode, networkx, [ ("subject_id",
"inputnode.extra_field")])])
mapping.connect ([ (creatematrix, networkx, [("intersection matrix_ file",

"inputnode.network_file")1)1)

mapping.connect ([ (networkx, NxStatsCFFConverter, [ ("outputnode.network files",
"gpickled_networks")1)1)
mapping.connect ([ (giftiSurfaces, NxStatsCFFConverter, [ ("out",
"gifti_surfaces")])1)
mapping.connect ([ (giftiLabels, NxStatsCFFConverter, [("out",
"gifti_labels")1)1)
mapping.connect ([ (niftivVolumes, NxStatsCFFConverter, [ ("out",
"nifti_volumes")])1)
mapping.connect ([ (fiberDataArrays, NxStatsCFFConverter, [("out",
"data files")1)1)
mapping.connect ([ (inputnode, NxStatsCFFConverter, [("subject_id", "title")])])
mapping.connect ([ (inputnode, cmats_to_csv, [("subject_id",

"inputnode.extra_field")])1)
mapping.connect ([ (creatematrix, cmats_to_csv,
[ ("matlab_matrix_files", "inputnode.matlab_matrix_files")])])

13.4.4 Create a higher-level workflow

Finally, we create another higher-level workflow to connect our mapping workflow with the info and datagrab-
bing nodes declared at the beginning. Our tutorial is now extensible to any arbitrary number of subjects by
simply adding their names to the subject list and their data to the proper folders.

connectivity = pe.Workflow (name="connectivity")

connectivity.base_dir = op.abspath('dmri_connectivity_advanced")

(continues on next page)
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connectivity.connect ([ (infosource, datasource, [('subject_id', 'subject_id')]),
(datasource, mapping,
[('"dwi', 'inputnode.dwi'), ('bvals', 'inputnode.bvals'),
("bvecs', 'inputnode.bvecs')]),

(infosource, mapping, [ ('subject_id"',
'inputnode.subject_id')1)1)

The following functions run the whole workflow and produce a .dot and .png graph of the processing pipeline.

if name == '_ main '
connectivity.run ()

connectivity.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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dMRI: DTI - Diffusion Toolkit, FSL

A pipeline example that uses several interfaces to perform analysis on diffusion weighted images using Diffusion
Toolkit tools.

This tutorial is based on the 2010 FSL course and uses data freely available at the FSL website at: http://www.
frrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz

More details can be found at http://www.fmrib.ox.ac.uk/fslcourse/lectures/practicals/fdt/index.htm

In order to run this tutorial you need to have Diffusion Toolkit and FSL tools installed and accessible from
matlab/command line. Check by calling fslinfo and dtk from the command line.

Tell python where to find the appropriate functions.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.fsl as fsl # fsl

import nipype.interfaces.diffusion_toolkit as dtk

import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import os # system functions

from nipype.workflows.dmri.fsl.dti import create_eddy_correct_pipeline

Confirm package dependencies are installed. (This is only for the tutorial, rarely would you put this in your own
code.)

from nipype.utils.misc import package_check

package_check ('numpy', '1.3', 'tutoriall')
package_check ('scipy', '0.7', 'tutoriall')
package_check ('"IPython', '0.10', 'tutoriall')

14.1 Setting up workflows

This is a generic workflow for DTI data analysis using the FSL

14.2 Data specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, dwisl and dwis2.
Each subject directory contains each of the following files: bvec, bval, diffusion weighted data, a set of target
masks, a seed file, and a transformation matrix.
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Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (dwi or bvals). These fields become the output fields of the datasource node in the pipeline.
Specify the subject directories

subject_list = ['subjl']

Map field names to individual subject runs

info = dict(
dwi=[["'subject_id', 'data'll,
bvecs=[['subject_id', 'bvecs']],
bvals=[['subject_id', 'bvals']])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_id']), name="infosource™)

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.engine.Node module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'"'], outfields=1list (info.keys())),
name="'datasource"')

datasource.inputs.template = "%s/%s"

# This needs to point to the fdt folder you can find after extracting
# http://www. fmrib.ox.ac.uk/fslcourse/fsl_course_datal.tar.qgz
datasource.inputs.base_directory = os.path.abspath('fsl course_data/fdt/")

datasource.inputs.field_template = dict (dwi=' / .nii.gz")
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

14.3 Setup for Diffusion Tensor Computation

Here we will create a generic workflow for DTI computation

’computeTensor = pe.Workflow (name='computeTensor")

extract the volume with b=0 (nodif_brain)

fslroi = pe.Node (interface=fsl.ExtractROI (), name='fslroi')
fslroi.inputs.t_min = 0
fslroi.inputs.t_size =1

create a brain mask from the nodif_brain
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bet = pe.Node(interface=£fsl.BET (), name='bet')
bet.inputs.mask = True
bet.inputs.frac = 0.34

correct the diffusion weighted images for eddy_currents

eddycorrect = create_eddy_correct_pipeline('eddycorrect")
eddycorrect.inputs.inputnode.ref_num = 0

compute the diffusion tensor in each voxel

dtifit = pe.Node (interface=dtk.DTIRecon (), name='dtifit")

connect all the nodes for this workflow

computeTensor.connect ([ (fslroi, bet, [('roi_ file', 'in_file')]),
(eddycorrect, dtifit, [ ('outputnode.eddy corrected',
'DWIt)y 1)

14.4 Setup for Tracktography

Here we will create a workflow to enable deterministic tracktography

tractography = pe.Workflow (name='tractography')

dtk_tracker = pe.Node (interface=dtk.DTITracker (), name="dtk_tracker")
dtk_tracker.inputs.invert_x = True

smooth_trk = pe.Node (interface=dtk.SplineFilter (), name="smooth_ trk")
smooth_trk.inputs.step_length = 0.5

connect all the nodes for this workflow

tractography.connect ([ (dtk_tracker, smooth_trk, [('track file',
'"track_file')1)1)

Setup data storage area

datasink = pe.Node (interface=nio.DataSink (), name='datasink')
datasink.inputs.base_directory = os.path.abspath('dtiresults')

def getstripdir (subject_id):
return os.path.join(
os.path.abspath('data/workingdir/dwiproc'),
' _subject_1id_%s' % subject_id)

14.5 Setup the pipeline that combines the 2 workflows: tractog-
raphy & computeTensor

dwiproc = pe.Workflow (name="dwiproc")
dwiproc.base_dir = os.path.abspath('dtk _dti_tutorial")

dwiproc.connect ([ (infosource, datasource, [('subject_id', 'subject_id')]),
(datasource, computeTensor,
[('dwi', '"fslroi.in_file'), ('bvals', 'dtifit.bwvals'),

(continues on next page)
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("bvecs', 'dtifit.bvecs'),
('"dwi', 'eddycorrect.inputnode.in_file')]),
(computeTensor, tractography,
[ ('bet.mask_file', 'dtk_tracker.maskl_file'"),
('dtifit.tensor', 'dtk_tracker.tensor_file')])])

if _ name_ == '_ _main__ ':
dwiproc.run ()
dwiproc.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in

the Nipype source distribution under the examples directory.
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dMRI: HARDI - Diffusion Toolkit, FSL

A pipeline example that uses several interfaces to perform analysis on diffusion weighted images using Diffusion
Toolkit tools.

This tutorial is based on the 2010 FSL course and uses data freely available at the FSL website at: http://www.
frrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz

More details can be found at http://www.fmrib.ox.ac.uk/fslcourse/lectures/practicals/fdt/index.htm

In order to run this tutorial you need to have Diffusion Toolkit and FSL tools installed and accessible from
matlab/command line. Check by calling fslinfo and dtk from the command line.

Tell python where to find the appropriate functions.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.fsl as fsl # fsl

import nipype.interfaces.diffusion_toolkit as dtk

import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import os # system functions

from nipype.workflows.dmri.fsl.dti import create_eddy_correct_pipeline

Confirm package dependencies are installed. (This is only for the tutorial, rarely would you put this in your own
code.)

from nipype.utils.misc import package_check

package_check ('numpy', '1.3', 'tutoriall')
package_check ('scipy', '0.7', 'tutoriall')
package_check ('"IPython', '0.10', 'tutoriall')

15.1 Setting up workflows

This is a generic workflow for DTI data analysis using the FSL

15.2 Data specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, dwisl and dwis2.
Each subject directory contains each of the following files: bvec, bval, diffusion weighted data, a set of target
masks, a seed file, and a transformation matrix.
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Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (dwi or bvals). These fields become the output fields of the datasource node in the pipeline.
Specify the subject directories

subject_list = ['siemens_hardi_test']

Map field names to individual subject runs

info = dict(
dwi=[['"'subject_id', 'siemens_hardi_test_data']],
bvecs=[['subject_id', 'siemens_hardi_test_data.bvec']],
bvals=[['subject_id', 'siemens_hardi_test_data.bval']])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_id']), name="infosource™)

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.engine.Node module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'"'], outfields=1list (info.keys())),
name="'datasource"')

datasource.inputs.template = "%s/%s"

# This needs to point to the fdt folder you can find after extracting
# http://www. fmrib.ox.ac.uk/fslcourse/fsl_course_datal.tar.qgz
datasource.inputs.base_directory = os.path.abspath('data')

datasource.inputs.field_template = dict (dwi='%s/%s.nii')
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

15.3 Setup for ODF Computation

Here we will create a generic workflow for ODF computation

’compute_ODF pe.Workflow (name="'compute_ ODF")

extract the volume with b=0 (nodif_brain)

fslroi = pe.Node (interface=fsl.ExtractROI (), name='fslroi')
fslroi.inputs.t_min = 0
fslroi.inputs.t_size =1

create a brain mask from the nodif_brain
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bet = pe.Node(interface=£fsl.BET (), name='bet')
bet.inputs.mask = True
bet.inputs.frac = 0.34

correct the diffusion weighted images for eddy_currents

eddycorrect = create_eddy_correct_pipeline('eddycorrect")
eddycorrect.inputs.inputnode.ref_num = 0

hardi_mat = pe.Node (interface=dtk.HARDIMat (), name='hardi_mat")

odf_recon = pe.Node (interface=dtk.ODFRecon (), name='odf_recon')

connect all the nodes for this workflow

compute_ODF.connect (
[(fslroi, bet, [('roi_file', '"in_file')1]),
(eddycorrect, odf_recon, [ ('outputnode.eddy_corrected', 'DWI')]),
(eddycorrect, hardi_mat,
[ ("outputnode.eddy_corrected',
'reference_file'")]), (hardi_mat, odf_recon, [('out_file', 'matrix')]1)])

15.4 Setup for Tracktography

Here we will create a workflow to enable deterministic tracktography

tractography = pe.Workflow (name='tractography')
odf_tracker = pe.Node (interface=dtk.ODFTracker (), name="odf_ tracker™)

smooth_trk = pe.Node (interface=dtk.SplineFilter (), name="smooth_ trk")
smooth_trk.inputs.step_length = 1

connect all the nodes for this workflow

tractography.connect ([ (odf_tracker, smooth_trk, [('track_file',
'track_file')1)1)

15.5 Setup the pipeline that combines the 2 workflows: tractog-
raphy and compute_ODF

dwiproc = pe.Workflow (name="dwiproc")
dwiproc.base_dir = os.path.abspath('dtk_odf_tutorial'")

dwiproc.connect ([ (infosource, datasource, [('subject_id', 'subject_id')]),
(datasource, compute_ODF,
[('dwi', '"fslroi.in_file'), ('bvals', 'hardi_mat.bvals'),

("bvecs', 'hardi_mat.bvecs'),
('dwi', 'eddycorrect.inputnode.in_file')]),
(compute_ODF, tractography,
[('bet.mask_file', 'odf_tracker.maskl_file'),
('odf_recon.ODF', 'odf_tracker.ODF'),
('odf_recon.max', 'odf_tracker.max')])]1)

dwiproc.inputs.compute_ODF.hardi_mat.oblique_correction = True

(continues on next page)
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dwiproc.inputs.compute_ODF.odf_recon.n_directions = 31
dwiproc.inputs.compute_ODF.odf_recon.n_b0 = 5
dwiproc.inputs.compute_ODF.odf_recon.n_output_directions = 181
if name == '_ main_ ':

dwiproc.run ()
dwiproc.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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dMRI: DTI, FSL

A pipeline example that uses several interfaces to perform analysis on diffusion weighted images using FSL
FDT tools.

This tutorial is based on the 2010 FSL course and uses data freely available at the FSL website at: http://www.
frrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz

More details can be found at http://www.fmrib.ox.ac.uk/fslcourse/lectures/practicals/fdt/index.htm

In order to run this tutorial you need to have fsl tools installed and accessible from matlab/command line. Check
by calling fslinfo from the command line.

Tell python where to find the appropriate functions.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.fsl as fsl # fsl

import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import os # system functions

from nipype.workflows.dmri.fsl.dti import create_eddy_correct_pipeline, \
create_bedpostx_pipeline

Confirm package dependencies are installed. (This is only for the tutorial, rarely would you put this in your own
code.)

from nipype.utils.misc import package_check

package_check ('numpy', '1.3', 'tutoriall')
package_check ('scipy', '0.7', 'tutoriall')
package_check ('"IPython', '0.10', 'tutoriall')

16.1 Setting up workflows

This is a generic workflow for DTI data analysis using the FSL

16.2 Data specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, dwisl and dwis2.
Each subject directory contains each of the following files: bvec, bval, diffusion weighted data, a set of target
masks, a seed file, and a transformation matrix.
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Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (dwi or bvals). These fields become the output fields of the datasource node in the pipeline.
Specify the subject directories

subject_list = ['subjl']

Map field names to individual subject runs

info = dict(

dwi=[["'subject_id', 'data'll,

bvecs=[['subject_id', 'bvecs']],

bvals=[['subject_id', 'bvals']],

seed_file=[['subject_id', 'MASK_average_thal_ right']],

target_masks=[[

'subject_id', [

'MASK_average_M1_right', 'MASK_average_Sl_right',
'MASK_average_occipital_right', 'MASK_average_pfc_right',
'MASK_average_pmc_right', 'MASK_average_ppc_right',
'MASK_average_temporal_right'

11)

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_id']), name="infosource™)

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.engine.Node module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['"'subject_id'"'], outfields=1list (info.keys())),
name="'datasource')

datasource.inputs.template = "%s/%s"
# This needs to point to the fdt folder you can find after extracting

# http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_dataZ.tar.gz
datasource.inputs.base_directory = os.path.abspath('fsl course_data/fdt/")

datasource.inputs.field_template = dict (
dwi="'%s/%s.nii.gz"',
seed_file="%s.bedpostX/%¢s.nii.gz",
target_masks="%s.bedpostX/%s.nii.gz")

datasource.inputs.template_args = info

datasource.inputs.sort_filelist = True

16.3 Setup for Diffusion Tensor Computation

Here we will create a generic workflow for DTI computation
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computeTensor = pe.Workflow(name='computeTensor')

extract the volume with b=0 (nodif_brain)

fslroi = pe.Node (interface=fsl.ExtractROI (), name='fslroi')
fslroi.inputs.t_min = 0
fslroi.inputs.t_size =1

create a brain mask from the nodif_brain

bet = pe.Node (interface=fsl.BET (), name='bet')
bet.inputs.mask = True
bet.inputs.frac = 0.34

correct the diffusion weighted images for eddy_currents

eddycorrect = create_eddy_correct_pipeline('eddycorrect")
eddycorrect.inputs.inputnode.ref_num = 0

compute the diffusion tensor in each voxel

dtifit = pe.Node (interface=£fsl.DTIFit (), name='dtifit"')

connect all the nodes for this workflow

computeTensor.connect (
[(fslroi, bet, [('roi_ file', 'in_file')]),
(eddycorrect, dtifit, [('outputnode.eddy_corrected', 'dwi')]),
(infosource, dtifit,
[['subject_id'"', 'base_name']]), (bet, dtifit, [('mask_file', 'mask')])])

16.4 Setup for Tracktography

Here we will create a workflow to enable probabilistic tracktography and hard segmentation of the seed region

tractography = pe.Workflow(name='tractography')
tractography.base_dir = os.path.abspath('fsl_dti_tutorial')

estimate the diffusion parameters: phi, theta, and so on

bedpostx = create_bedpostx_pipeline ()
bedpostx.get_node ("xfibres") .iterables = ("n_fibres", [1, 21)

flirt = pe.Node(interface=fsl.FLIRT (), name='flirt")
flirt.inputs.in_file = fsl.Info.standard_image ('MNI152 Tl 2mm brain.nii.gz')
flirt.inputs.dof = 12

perform probabilistic tracktography

probtrackx = pe.Node (interface=fsl.ProbTrackX (), name='probtrackx")
probtrackx.inputs.mode = 'seedmask'

probtrackx.inputs.c_thresh = 0.2

probtrackx.inputs.n_steps = 2000

probtrackx.inputs.step_length = 0.5

probtrackx.inputs.n_samples = 5000

probtrackx.inputs.opd = True

probtrackx.inputs.os2t = True

probtrackx.inputs.loop_check = True

perform hard segmentation on the output of probtrackx
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findthebiggest = pe.Node(interface=fsl.FindTheBiggest (), name='findthebiggest')

connect all the nodes for this workflow

tractography.add_nodes ([bedpostx, flirt])
tractography.connect ([ (bedpostx, probtrackx,
[ ("outputnode.thsamples',
'thsamples'), ('outputnode.phsamples', 'phsamples'),
('outputnode. fsamples', 'fsamples')]),
(probtrackx, findthebiggest, [('targets', 'in_files')]),
(flirt, probtrackx, [('out_matrix file', 'xfm')])])

Setup data storage area

datasink = pe.Node (interface=nio.DataSink (), name='datasink')
datasink.inputs.base_directory = os.path.abspath('dtiresults')

def getstripdir (subject_id):
import os
return os.path.join(
os.path.abspath('data/workingdir/dwiproc'),

[

' _subject_id_%s' % subject_id)

16.5 Setup the pipeline that combines the 2 workflows: tractog-
raphy & computeTensor

dwiproc = pe.Workflow (name="dwiproc")
dwiproc.base_dir = os.path.abspath('fsl dti_tutorial')
dwiproc.connect (

[ (infosource, datasource, [('subject_id', 'subject_id')]),
(datasource, computeTensor,
[('dwi', 'fslroi.in_file'), ('bvals', 'dtifit.bvals'),
('"bvecs', 'dtifit.bvecs'), ('dwi', 'eddycorrect.inputnode.in_file')]),

(datasource, tractography,
[('bvals', 'bedpostx.inputnode.bvals'),
("bvecs', 'bedpostx.inputnode.bvecs'), ('seed_file', 'probtrackx.seed'),
("target_masks', 'probtrackx.target_masks')]),
(computeTensor, tractography,
[ ("eddycorrect.outputnode.eddy_corrected', 'bedpostx.inputnode.dwi'),
("bet.mask_file', 'bedpostx.inputnode.mask'), ('bet.mask_file',
'probtrackx.mask'),
("fslroi.roi file', 'flirt.reference')]), (infosource, datasink, [
('"subject_id', 'container'), (('subject_id', getstripdir),
'strip_dir'")
1), (tractography, datasink, [('findthebiggest.out_file',
'fbiggest.@biggestsegmentation')])])

if name_ == '_ _main__ ':
dwiproc.run()
dwiproc.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 17

dMRI: Group connectivity - Camino, FSL, FreeSurfer

17.1 Introduction

This script, dmri_group_connectivity_camino.py, runs group-based connectivity analysis using the
dmri.camino.connectivity_mapping Nipype workflow. Further detail on the processing can be found in dMRI:
Connectivity - Camino, CMTK, FreeSurfer. This tutorial can be run using:

python dmri_group_connectivity_camino.py

We perform this analysis using one healthy subject and two subjects who suffer from Parkinson’s disease.

The whole package (960 mb as .tar.gz / 1.3 gb uncompressed) including the Freesurfer directories for these
subjects, can be acquired from here:

http://db.tt/b6F1t0QV

A data package containing the outputs of this pipeline can be obtained from here:

http://db.tt/kNvAI751

Along with Camino, Camino-Trackvis, FSL, and Freesurfer, you must also have the Connectome File Format
library installed as well as the Connectome Mapper.

Camino: http://web4.cs.ucl.ac.uk/research/medic/camino/pmwiki/pmwiki.php?n=Main.HomePage
Camino-Trackvis: http://www.nitrc.org/projects/camino-trackvis/

FSL: http://www.fmrib.ox.ac.uk/fsl/

Freesurfer: http://surfer.nmr.mgh.harvard.edu/

CTMK: http://www.cmtk.org/

CFF: sudo apt-get install python-cfflib

Or on github at:

CFFlib: https://github.com/LTS5/cfflib

CMP: https://github.com/LTS5/cmp

Output data can be visualized in ConnectomeViewer, TrackVis, and anything that can view Nifti files.
ConnectomeViewer: https://github.com/LTS5/connectomeviewer

TrackVis: http://trackvis.org/

The fiber data is available in Numpy arrays, and the connectivity matrix is also produced as a MATLAB matrix.

17.1.1 Import the workflows

First, we import the necessary modules from nipype.
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import nipype.interfaces.fsl as £fsl

import nipype.interfaces.freesurfer as fs # freesurfer

import os.path as op # system functions

import cmp

from nipype.workflows.dmri.camino.group_ connectivity import create_group_

—connectivity_pipeline

from nipype.workflows.dmri.connectivity.group_connectivity import (
create_merge_networks_by_group_workflow,
create_merge_group_networks_workflow,
create_average_networks_by_group_workflow)

17.1.2 Set the proper directories

First, we import the necessary modules from nipype.

fs_dir = op.abspath('/usr/local/freesurfer')

subjects_dir = op.abspath('groupcondatapackage/subjects/")
data_dir = op.abspath('groupcondatapackage/data/")
fs.FSCommand.set_default_subjects_dir (subjects_dir)
fsl.FSLCommand.set_default_output_type ('NIFTI")

17.1.3 Define the groups

Here we define the groups for this study. We would like to search for differences between the healthy subject and
the two vegetative patients. The group list is defined as a Python dictionary (see http://docs.python.org/tutorial/
datastructures.html), with group IDs (‘controls’, ‘parkinsons’) as keys, and subject/patient names as values. We
set the main output directory as ‘groupcon’.

group_list = {}
group_list|['controls'] = ['contl7'"]
group_list['parkinsons'] = ['patl0', 'pat20']

The output directory must be named as well.

global output_dir
output_dir = op.abspath('dmri_ group_connectivity_ camino')

17.2 Main processing loop

The title for the final grouped-network connectome file is dependent on the group names. The resulting file
for this example is ‘parkinsons-controls.cff’. The following code implements the format a-b-c-... x.cff for an
arbitary number of groups.

Warning: The ‘info’ dictionary below is used to define the input files. In this case, the diffusion weighted
image contains the string ‘dwi’. The same applies to the b-values and b-vector files, and this must be changed
to fit your naming scheme.

This line creates the processing workflow given the information input about the groups and subjects.

See also:

nipype/workflows/dmri/mrtrix/group_connectivity.py
nipype/workflows/dmri/camino/connectivity_mapping.py

dMRI: Connectivity - Camino, CMTK, FreeSurfer

The purpose of the second-level workflow is simple: It is used to merge each subject’s CFF file into one, so that
there is a single file containing all of the networks for each group. This can be useful for performing Network
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Brain Statistics using the NBS plugin in ConnectomeViewer.
See also:
http://www.connectomeviewer.org/documentation/users/tutorials/tut_nbs.html

title = "'
for idx, group_id in enumerate (group_list.keys()):
title += group_id

if not idx == len(list(group_list.keys())) - 1:
title += '-!

info = dict(
dwi=[['subject_id', 'dti']l],

bvecs=[['subject_1id', 'bvecs']],
bvals=[['subject_id', 'bvals']])

llpipeline = create_group_connectivity_pipeline (
group_list, group_id, data_dir, subjects_dir, output_dir, info)

# Here we define the parcellation scheme and the number of tracks to produce
parcellation_scheme = 'NativeFreesurfer'
cmp_config = cmp.configuration.PipelineConfiguration ()
cmp_config.parcellation_scheme = parcellation_scheme
llpipeline.inputs.connectivity.inputnode.resolution_network_file = cmp_config.
—_get_lausanne_parcellation(
parcellation_scheme) ['freesurferaparc'] ['node_information_graphml']

llpipeline.run{()
llpipeline.write_graph (format="eps', graph2use='flat')

# The second-level pipeline 1is created here

12pipeline = create_merge_networks_by_group_workflow (
group_list, group_id, data_dir, subjects_dir, output_dir)

12pipeline.run{()

12pipeline.write_graph (format="eps', graph2use='flat"')

Now that the for loop is complete there are two grouped CFF files each containing the appropriate subjects. It is
also convenient to have every subject in a single CFF file, so that is what the third-level pipeline does.

13pipeline = create_merge_group_networks_workflow (
group_list, data_dir, subjects_dir, output_dir, title)

13pipeline.run{()

13pipeline.write_graph (format="eps', graph2use='flat')

The fourth and final workflow averages the networks and saves them in another CFF file

l4pipeline = create_average_networks_by_group_workflow (
group_list, data_dir, subjects_dir, output_dir, title)

l4pipeline.run ()

l4pipeline.write_graph (format="eps', graph2use='flat"')

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 18

dMRI: Group connectivity - MRtrix, FSL, FreeSurfer

18.1 Introduction

This script, dmri_group_connectivity_mrtrix.py, runs group-based connectivity analysis using the
dmri.mrtrix.connectivity_mapping Nipype workflow. Further detail on the processing can be found in dMRI:
Connectivity - MRtrix, CMTK, FreeSurfer. This tutorial can be run using:

python dmri_group_connectivity_mrtrix.py

We perform this analysis using one healthy subject and two subjects who suffer from Parkinson’s disease.

The whole package (960 mb as .tar.gz / 1.3 gb uncompressed) including the Freesurfer directories for these
subjects, can be acquired from here:

http://db.tt/b6F1t0QV

A data package containing the outputs of this pipeline can be obtained from here:

http://db.tt/elmMnlt1

Along with MRtrix, FSL, and Freesurfer, you must also have the Connectome File Format library installed as
well as the Connectome Mapper (cmp).

MRtrix: http://www.brain.org.au/software/mrtrix/

FSL: http://www.fmrib.ox.ac.uk/fsl/

Freesurfer: http://surfer.nmr.mgh.harvard.edu/

CTMK: http://www.cmtk.org/

CFF: sudo apt-get install python-cfflib

Or on github at:

CFFlib: https://github.com/LTS5/cfflib

CMP: https://github.com/LTS5/cmp

Output data can be visualized in ConnectomeViewer, TrackVis, Gephi, the MRtrix Viewer (mrview), and any-
thing that can view Nifti files.

ConnectomeViewer: https://github.com/LTS5/connectomeviewer

TrackVis: http://trackvis.org/

Gephi: http://gephi.org/

The fiber data is available in Numpy arrays, and the connectivity matrix is also produced as a MATLAB matrix.

18.1.1 Import the workflows

First, we import the necessary modules from nipype.
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import nipype.interfaces.fsl as £fsl

import nipype.interfaces.freesurfer as fs # freesurfer

import os.path as op # system functions

import cmp

from nipype.workflows.dmri.mrtrix.group_connectivity import create_group_

—connectivity_pipeline

from nipype.workflows.dmri.connectivity.group_connectivity import (
create_merge_network_results_by_group_workflow,
create_merge_group_network_results_workflow,
create_average_networks_by_group_workflow)

18.1.2 Set the proper directories

First, we import the necessary modules from nipype.

subjects_dir = op.abspath('groupcondatapackage/subjects/")
data_dir = op.abspath('groupcondatapackage/data/")
fs.FSCommand.set_default_subjects_dir (subjects_dir)
fsl.FSLCommand.set_default_output_type ('NIFTI")

18.1.3 Define the groups

Here we define the groups for this study. We would like to search for differences between the healthy subject and
the two vegetative patients. The group list is defined as a Python dictionary (see http://docs.python.org/tutorial/
datastructures.html), with group IDs (‘controls’, ‘parkinsons’) as keys, and subject/patient names as values. We
set the main output directory as ‘groupcon’.

group_list = {}
group_list['controls'] = ['contl7'"]
group_list|['parkinsons'] = ['patl0', 'pat20']

The output directory must be named as well.

global output_dir
output_dir = op.abspath('dmri_group_connectivity mrtrix")

18.2 Main processing loop

The title for the final grouped-network connectome file is dependent on the group names. The resulting file
for this example is ‘parkinsons-controls.cff’. The following code implements the format a-b-c-...x.cff for an
arbitary number of groups.

Warning: The ‘info’ dictionary below is used to define the input files. In this case, the diffusion weighted
image contains the string ‘dti’. The same applies to the b-values and b-vector files, and this must be changed
to fit your naming scheme.

The workflow is created given the information input about the groups and subjects.

See also:

nipype/workflows/dmri/mrtrix/group_connectivity.py

nipype/workflows/dmri/mrtrix/connectivity_mapping.py

dMRI: Connectivity - MRtrix, CMTK, FreeSurfer

We set values for absolute threshold used on the fractional anisotropy map. This is done in order to identify
single-fiber voxels. In brains with more damage, however, it may be necessary to reduce the threshold, since
their brains are have lower average fractional anisotropy values.
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We invert the b-vectors in the encoding file, and set the maximum harmonic order of the pre-tractography
spherical deconvolution step. This is done to show how to set inputs that will affect both groups.

Next we create and run the second-level pipeline. The purpose of this workflow is simple: It is used to merge
each subject’s CFF file into one, so that there is a single file containing all of the networks for each group. This
can be useful for performing Network Brain Statistics using the NBS plugin in Connectome Viewer.

See also:

http://www.connectomeviewer.org/documentation/users/tutorials/tut_nbs.html

title = "'
for idx, group_id in enumerate (group_list.keys()):
title += group_id

if not idx == len(list (group_list.keys())) - 1:
title += '—'

info dict (
dwi=[['subject_id"', 'dti']l],

bvecs=[['subject_id', 'bvecs']],
bvals=[['subject_1id', 'bvals']])

llpipeline = create_group_connectivity_pipeline (
group_list, group_id, data_dir, subjects_dir, output_dir, info)

# Here with invert the b-vectors in the Y direction and set the maximum_,
—harmonic order of the

# spherical deconvolution step

llpipeline.inputs.connectivity.mapping.fsl2mrtrix.invert_y = True

llpipeline.inputs.connectivity.mapping.csdeconv.maximum_harmonic_order = 6

# Here we define the parcellation scheme and the number of tracks to produce

parcellation_name = 'scaleb00'

llpipeline.inputs.connectivity.mapping.Parcellate.parcellation_name =
—parcellation_name

[

cmp_config = cmp.configuration.PipelineConfiguration ()

cmp_config.parcellation_scheme = "Lausanne2008"
llpipeline.inputs.connectivity.mapping.inputnode_within.resolution_network_
—~file = cmp_config._get_lausanne_parcellation (
'Lausanne2008'") [parcellation_name] [ 'node_information_graphml']
llpipeline.inputs.connectivity.mapping.probCSDstreamtrack.desired_number_of_
—tracks 100000

llpipeline.run{()
llpipeline.write_graph (format="eps', graph2use='flat')

# The second-level pipeline is created here
12pipeline = create_merge_network_results_by_group_workflow (
group_list, group_id, data_dir, subjects_dir, output_dir)
12pipeline.inputs.l2inputnode.network_file = cmp_config._get_lausanne_
—parcellation(
'Lausanne2008'") [parcellation_name] [ 'node_information_graphml']
12pipeline.run()
l2pipeline.write_graph (format="eps', graph2use='flat')

Now that the for loop is complete there are two grouped CFF files each containing the appropriate subjects. It is
also convenient to have every subject in a single CFF file, so that is what the third-level pipeline does.

13pipeline = create_merge_group_network_results_workflow (
group_list, data_dir, subjects_dir, output_dir, title)
13pipeline.run()

(continues on next page)
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(continued from previous page)

13pipeline.write_graph (format="eps', graph2use='flat"')

The fourth and final workflow averages the networks and saves them in another CFF file

l4pipeline = create_average_networks_by_group_workflow (
group_list, data_dir, subjects_dir, output_dir, title)

l4pipeline.run()

l4pipeline.write_graph (format="eps', graph2use='flat"')

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 19

dMRI: DTI - MRtrix, FSL

19.1 Introduction

This script, dmri_mrtrix_dti.py, demonstrates the ability to perform advanced diffusion analysis in a Nipype
pipeline:

python dmri_mrtrix_dti.py

We perform this analysis using the FSL course data, which can be acquired from here:
http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz
Import necessary modules from nipype.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import nipype.interfaces.mrtrix as mrtrix # <---- The important new part!
import nipype.interfaces.fsl as fsl

import nipype.algorithms.misc as misc

import os

import os.path as op # system functions

fsl.FSLCommand.set_default_output_type ('NIFTI")

This needs to point to the fdt folder you can find after extracting
http://www.fmrib.ox.ac.uk/fslcourse/fsl_course_data2.tar.gz

data_dir = op.abspath(op.join(op.curdir, 'exdata/'"))
subject_list = ['subjl']

Use infosource node to loop through the subject list and define the input files. For our purposes, these are the
diffusion-weighted MR image, b vectors, and b values.

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")
infosource.iterables = ('subject_id', subject_list)

info = dict (
dwi=[['"'subject_id', 'data'll,
bvecs=[['subject_id', 'bvecs']],

(continues on next page)
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(continued from previous page)

bvals=[['subject_id', 'bvals']])

Use datasource node to perform the actual data grabbing. Templates for the associated images are used to obtain
the correct images.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['subject_id'], outfields=list (info.keys())),
name="'datasource')

datasource.inputs.template = "%s/%s"
datasource.inputs.base_directory = data_dir
datasource.inputs.field_template = dict (dwi="'%s/%s.nii.gz")
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

An inputnode is used to pass the data obtained by the data grabber to the actual processing functions

inputnode = pe.Node (
interface=util.IdentityInterface (fields=["dwi", "bvecs", "bvals"]),
name="inputnode")

19.1.1 Diffusion processing nodes

See also:

dmri_connectivity_advanced.py Tutorial with further detail on using MRtrix tractography for connectivity
analysis

http://www.brain.org.au/software/mrtrix/index.html MRtrix’s online documentation

b-values and b-vectors stored in FSL’s format are converted into a single encoding file for MRTrix.

fsl2mrtrix = pe.Node (interface=mrtrix.FSL2MRTrix (), name='fslZ2mrtrix')

Tensors are fitted to each voxel in the diffusion-weighted image and from these three maps are created:
Major eigenvector in each voxel
Apparent diffusion coefficient
Fractional anisotropy

gunzip = pe.Node (interface=misc.Gunzip (), name='gunzip')
dwi2tensor = pe.Node (interface=mrtrix.DWI2Tensor (), name='dwiZ2tensor')
tensor2vector = pe.Node (interface=mrtrix.Tensor2Vector (), name='tensor2vector')
tensor2adc = pe.Node (

interface=mrtrix.Tensor2ApparentDiffusion(), name='tensorZadc')
tensor2fa = pe.Node (

interface=mrtrix.Tensor2FractionalAnisotropy (), name='tensor2fa')

These nodes are used to create a rough brain mask from the b0 image. The b0 image is extracted from the
original diffusion-weighted image, put through a simple thresholding routine, and smoothed using a 3x3 median
filter.

MRconvert = pe.Node (interface=mrtrix.MRConvert (), name='MRconvert')
MRconvert.inputs.extract_at_axis = 3
MRconvert.inputs.extract_at_coordinate = [0]

threshold_b0 = pe.Node (interface=mrtrix.Threshold (), name='threshold_b0")
median3d = pe.Node (interface=mrtrix.MedianFilter3D (), name='median3d')

The brain mask is also used to help identify single-fiber voxels. This is done by passing the brain mask through
two erosion steps, multiplying the remaining mask with the fractional anisotropy map, and thresholding the
result to obtain some highly anisotropic within-brain voxels.
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erode_mask_firstpass = pe.Node (

interface=mrtrix.Erode (), name='erode_mask_firstpass')
erode_mask_secondpass = pe.Node (

interface=mrtrix.Erode (), name='erode_mask_secondpass')
MRmultiply = pe.Node (interface=mrtrix.MRMultiply (), name='MRmultiply')
MRmult_merge = pe.Node (interface=util.Merge (2), name="MRmultiply merge")
threshold_FA = pe.Node(interface=mrtrix.Threshold(), name='threshold FA')
threshold_FA.inputs.absolute_threshold_value = 0.7

For whole-brain tracking we also require a broad white-matter seed mask. This is created by generating a white
matter mask, given a brainmask, and thresholding it at a reasonably high level.

bet = pe.Node (interface=fsl.BET (mask=True), name='bet_Db0")
gen_WM_mask = pe.Node (

interface=mrtrix.GenerateWhiteMatterMask (), name='gen_ WM mask')
threshold_wmmask = pe.Node (

interface=mrtrix.Threshold(), name='threshold_wmmask")
threshold_wmmask.inputs.absolute_threshold _value = 0.4

The spherical deconvolution step depends on the estimate of the response function in the highly anisotropic
voxels we obtained above.

Warning: For damaged or pathological brains one should take care to lower the maximum harmonic order
of these steps.

estimateresponse = pe.Node (

interface=mrtrix.EstimateResponseForSH(), name='estimateresponse')
estimateresponse.inputs.maximum_harmonic_order = 6
csdeconv = pe.Node (

interface=mrtrix.ConstrainedSphericalDeconvolution (), name='csdeconv')
csdeconv.inputs.maximum_harmonic_order = 6

Finally, we track probabilistically using the orientation distribution functions obtained earlier. The tracts are
then used to generate a tract-density image, and they are also converted to TrackVis format.

probCSDstreamtrack = pe.Node (
interface=mrtrix.ProbabilisticSphericallyDeconvolutedStreamlineTrack(),
name="probCSDstreamtrack"')

probCSDstreamtrack.inputs.inputmodel = 'SD_PRORB'
probCSDstreamtrack.inputs.maximum_number_of_tracks = 150000
tracks2prob = pe.Node(interface=mrtrix.Tracks2Prob (), name='tracks2Zprob')

tracks2prob.inputs.colour = True
tck2trk = pe.Node (interface=mrtrix.MRTrix2TrackVis (), name='tck2trk")

19.1.2 Creating the workflow

In this section we connect the nodes for the diffusion processing.

tractography = pe.Workflow(name='tractography')
tractography.connect ([ (inputnode, fsl2mrtrix, [("bvecs", "bvec_file"),
("bvals", "bval_file")])1)
tractography.connect ([ (inputnode, gunzip, [("dwi", "in_file")])])
tractography.connect ([ (gunzip, dwi2tensor, [("out_file", "in_file")])])
tractography.connect ([ (fsl2mrtrix, dwi2tensor, [("encoding_ file",
"encoding_file")1)1)

(continues on next page)
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tractography.connect ([
(dwi2tensor, tensor2vector, [['tensor', 'in_file'll),
(dwi2tensor, tensor2adc, [['tensor', 'in_file']l]),
(dwi2tensor, tensor2fa, [['tensor', 'in_file']ll),

1)

tractography.connect ([ (tensor2fa, MRmult_merge, [("FA", "inl")]1)1)

This block creates the rough brain mask to be multiplied, mulitplies it with the fractional anisotropy image, and
thresholds it to get the single-fiber voxels.

tractography.connect ([ (gunzip, MRconvert, [("out_file", "in_file")])])
tractography.connect ([ (MRconvert, threshold_b0, [("converted", "in_file")1)1)
tractography.connect ([ (threshold_b0, median3d, [("out_file", "in_ file")])])
tractography.connect ([ (median3d, erode_mask_firstpass, [("out_file",

"in_file")1)1)

tractography.connect ([ (erode_mask_firstpass, erode_mask_secondpass,
[("out_file", "in_file")])1)
tractography.connect ([ (erode_mask_secondpass, MRmult_merge, [("out_file",
"in2")1)1)
tractography.connect ([ (MRmult_merge, MRmultiply, [("out", "in_files")])])
tractography.connect ([ (MRmultiply, threshold_FA, [("out_file", "in_file")]1)1)

Here the thresholded white matter mask is created for seeding the tractography.

tractography.connect ([ (gunzip, bet, [("out_file", "in_file")]1)1])
tractography.connect ([ (gunzip, gen_WM_mask, [("out_file", "in_ file")]1)])
tractography.connect ([ (bet, gen_WM _mask, [ ("mask_file", "binary_mask")])])
tractography.connect ([ (fsl2mrtrix, gen_WM_mask, [("encoding_ file",
"encoding_file")1)1)
tractography.connect ([ (gen_WM_mask, threshold_wmmask, [ ("WMprobabilitymap",
"in_file")]1)1)

Next we estimate the fiber response distribution.

tractography.connect ([ (gunzip, estimateresponse, [("out_file", "in_file")]1)1)
tractography.connect ([ (fsl2mrtrix, estimateresponse, [("encoding_ file",
"encoding_file")])])
tractography.connect ([ (threshold_FA, estimateresponse, [("out_file",
"mask_image")1)1)

Run constrained spherical deconvolution.

tractography.connect ([ (gunzip, csdeconv, [("out_file", "in file")])])

tractography.connect ([ (gen_WM_mask, csdeconv, [ ("WMprobabilitymap",
"mask_image")])1)

tractography.connect ([ (estimateresponse, csdeconv, [ ("response”,

"response_file")1)1])
tractography.connect ([ (fsl2mrtrix, csdeconv, [("encoding_ file",
"encoding_file")])1)

Connect the tractography and compute the tract density image.

tractography.connect ([ (threshold_wmmask, probCSDstreamtrack, [("out_file",
"seed_file")1)1)
tractography.connect ([ (csdeconv, probCSDstreamtrack,
[ ("spherical_harmonics_image", "in_file")]1)1)
tractography.connect ([ (probCSDstreamtrack, tracks2prob, [ ("tracked",
"in_file")]1)1)

(continues on next page)
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tractography.connect ([ (gunzip, tracks2prob, [("out_file", "template file")])])
tractography.connect ([ (gunzip, tck2trk, [("out_file", "image_file")])])
tractography.connect ([ (probCSDstreamtrack, tck2trk, [("tracked", "in_file")])])

Finally, we create another higher-level workflow to connect our tractography workflow with the info and data-
grabbing nodes declared at the beginning. Our tutorial is now extensible to any arbitrary number of subjects by
simply adding their names to the subject list and their data to the proper folders.

dwiproc = pe.Workflow (name="dwiproc")
os.path.abspath ('dmri_mrtrix dti'")
nfosource, datasource, [('subject_id', 'subject_id')1),

dwiproc.base_dir =
dwiproc.connect ([ (i
(datasource, tractography,

[('"dwi', 'inputnode.dwi'), ('bvals', 'inputnode.bvals'),

("bvecs', 'inputnode.bvecs')])])
if name == "'"__main__ ':
dwiproc.run()
dwiproc.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 20

dMRI: Preprocessing

20.1 Introduction

This script, dmri_preprocessing.py, demonstrates how to prepare dMRI data for tractography and connectivity
analysis with nipype.

We perform this analysis using the FSL course data, which can be acquired from here: http://www.fmrib.ox.ac.
uk/fslcourse/fsl_course_data2.tar.gz

Can be executed in command line using python dmri_preprocessing.py

Import necessary modules from nipype.

import os # system functions

import nipype.interfaces.io as nio # Data i/o
import nipype.interfaces.utility as niu # utility
import nipype.algorithms.misc as misc

import nipype.pipeline.engine as pe # pypeline engine

from nipype.interfaces import fsl
from nipype.interfaces import ants

Load specific nipype’s workflows for preprocessing of dMRI data: nipype.workflows.dmri.
preprocess.epi.all_peb_pipeline, as data include a b0 volume with reverse encoding direction
(P>>>A, or y), in contrast with the general acquisition encoding that is A>>>P or -y (in RAS systems).

from nipype.workflows.dmri.fsl.artifacts import all_fsl_pipeline, remove_bias

Map field names into individual subject runs

info = dict (
dwi=[['subject_id', 'dwidata'll,
bvecs=[['subject_id', 'bvecs']],
bvals=[['subject_id', 'bvals']],
dwi_rev=[['subject_id', 'nodif_ PA']])

infosource = pe.Node (
interface=niu.IdentityInterface (fields=["'subject_id']), name="infosource™)

# Set the subject 1 identifier in subject_1list,

(continues on next page)
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# we choose the preproc dataset as it contains uncorrected files.
subject_list = ['subjl_preproc']

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject _list.

infosource.iterables = ('subject_id', subject_list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The Node module wraps the interface object and provides additional housekeeping
and pipeline specific functionality.

datasource = pe.Node (
nio.DataGrabber (infields=["'subject_id'], outfields=1list (info.keys())),
name="'datasource"')

datasource.inputs.template = "$§s/%s"
# This needs to point to the fdt folder you can find after extracting

# http://www. fmrib.ox.ac.uk/fslcourse/fsl_course_datal.tar.qgz
datasource.inputs.base_directory = os.path.abspath('fdtl")

datasource.inputs.field_template = dict (
dwi="'%s/%s.nii.gz', dwi_rev='%s/%¢s.nii.gz")

datasource.inputs.template_args = info

datasource.inputs.sort_filelist = True

An inputnode is used to pass the data obtained by the data grabber to the

inputnode = pe.Node (
niu.IdentityInterface(fields=["dwi", "bvecs", "bvals", "dwi_rev"]),
name="inputnode™)

20.2 Setup for dMRI preprocessing

In this section we initialize the appropriate workflow for preprocessing of diffusion images.

20.2.1 Artifacts correction

We will use the combination of t opup and eddy as suggested by FSL.

In order to configure the susceptibility distortion correction (SDC), we first write the specific parameters of our
echo-planar imaging (EPI) images.

Particularly, we look into the acgparams.txt file of the selected subject to gather the encoding direction,
acceleration factor (in parallel sequences it is > 1), and readout time or echospacing.

epi_ AP = {'echospacing': 66.5e-3, 'enc_dir': 'y-'}
epi_PA = {'echospacing': 66.5e-3, 'enc_dir': 'y'}
prep = all_fsl_pipeline (epi_params=epi_AP, altepi_params=epi_PA)

20.2.2 Bias field correction

Finally, we set up a node to correct for a single multiplicative bias field from computed on the b0 image, as
suggested in [Jeurissen2014].
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’bias = remove_bias ()

20.3 Connect nodes in workflow

We create a higher level workflow to connect the nodes. Please excuse the author for writing the arguments of
the connect function in a not-standard style with readability aims.

wf = pe.Workflow (name="dMRI_Preprocessing")

wf.base_dir = os.path.abspath ('preprocessing_dmri_tutorial')
wf.connect ([ (infosource, datasource, [('subject_id', 'subject_id")]),
(datasource, prep,

[("dwi', 'inputnode.in_file'), ('dwi_rev', 'inputnode.alt_file'"),
('"bvals', 'inputnode.in_bval'), ('bvecs', 'inputnode.in_bvec')]),
(prep, bias, [('outputnode.out_file', 'inputnode.in_file')

14
('outputnode.out_mask', 'inputnode.in_mask')]),
(datasource, bias, [('bvals', 'inputnode.in_bval')])])

Run the workflow as command line executable

if _ name_ == main_
wf.run()

wf.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 2 1

dMRI: TBSS on NKI RS data

A pipeline to do a TBSS analysis on the NKI rockland sample data

from nipype.workflows.dmri.fsl.dti import create_eddy_correct_pipeline
from nipype.workflows.dmri.fsl.tbss import create_tbss_non_FA, create_tbss_all

Tell python where to find the appropriate functions.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.fsl as fsl # fsl

import nipype.interfaces.utility as util # utility
import nipype.pipeline.engine as pe # pypeline engine
import os # system functions

fsl.FSLCommand.set_default_output_type ('NIFTI")

You can get the data from:
http://fcon_1000.projects.nitrc.org/indi/pro/eNKI_RS_TRT/FrontPage.html

dataDir = os.path.abspath('nki_rs_data')

workingdir = './tbss_example'
subjects_list = [
'2475376"', '3313349', '3808535', '3893245', '8735778', '9630905'

gen_fa = pe.Workflow(name="gen_fa")
gen_fa.base_dir = os.path.join(os.path.abspath (workingdir), '11")

subject_id_infosource = pe.Node (
util.IdentityInterface(fields=["'subject_id']),
name="subject_id_infosource')

subject_id_infosource.iterables = ('subject_id', subjects_list)

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['"'subject_id'], outfields=['dwi', 'bvec', 'bval'l),
name="'"datasource')
datasource.inputs.base_directory = os.path.abspath(dataDir)
datasource.inputs.template = '$s/session2/DTI_mx_137/dti.%s’

(continues on next page)
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datasource.inputs.template_args =
dwi=[["'subject_id', 'nii.gz']
bvec=[['subject_id', 'bvec']]
bval=[['subject_id', 'bval']]

datasource.inputs.sort_filelist
gen_fa.connect (subject_id_infosou
eddy_correct = create_eddy_correc
eddy_correct.inputs.inputnode.ref
gen_fa.connect (datasource,

Ydwi',

bet pe.Node (interface=£fsl.BET ()
bet.inputs.mask = True
bet.inputs. frac 0.34
gen_fa.connect (eddy_correct,

'pic
dtifit = pe.Node (interface=£fsl.DT
gen_fa.connect (eddy_correct,
gen_fa.connect (subject_id_infosou
gen_fa.connect (bet, 'mask_file',

gen_fa.connect (datasource,
gen_fa.connect (datasource,

'out

'bvec'
'bval'

datasink pe.Node (interface=nio.
datasink.inputs.base_directory
os.path.abspath (workingdir),

_num

True

rce, 'subject_id', datasource, 'subject_id")
t_pipeline ()
0

eddy_correct,

'"inputnode.in_file")

, name='bet")

k_ref.out', bet, 'in_file')

IFit (), name='dtifit')
putnode.eddy_corrected', dtifit, 'dwi')
rce, 'subject_id', dtifit, 'base_name')
dtifit, 'mask")

, dtifit, 'bvecs'")

, dtifit, 'bvals'")

DataSink (), name="datasink")
os.path. join(
'11_results')

datasink.inputs.parameterization = False
gen_fa.connect (dtifit, 'FA', datasink, 'FA")
gen_fa.connect (dtifit, 'MD', datasink, 'MD")
if _ name_ == '_ main__ ':
gen_fa.write_graph ()
gen_fa.run()
Here we get the FA list including all the subjects.

tbss_source pe.Node (
interface=nio.DataGrabber (out
name="'tbss source')

tbss_source.inputs.base_directory

files=["'fa list', 'md_list']),

datasink.inputs.base_directory

—thresh

tbss_source.inputs.template = '2s5/%s_%s.nii’
tbss_source.inputs.template_args = dict (

fa_list=[['FA', subjects_list, 'FA']],

md_list=[['MD', subjects_list, 'MD']])
tbss_source.inputs.sort_filelist = True
TBSS analysis
tbss_all = create_tbss_all()
tbss_all.inputs.inputnode.skeleton_thresh = 0.2
tbssproc = pe.Workflow(name="tbssproc™)
tbssproc.base_dir = os.path.join(os.path.abspath(workingdir), '12")
tbssproc.connect (tbss_source, 'fa_list', tbss_all, 'inputnode.fa_ list")
tbss_MD = create_tbss_non_FA (name='tbss_MD")
tbss_MD.inputs.inputnode.skeleton_thresh = tbss_all.inputs.inputnode.skeleton_

(continues on next page)
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tbssproc.connect ([
(tbss_all, tbss_MD,

[ ("tbss2.outputnode.field_list', 'inputnode.field list'),
('"tbss3.outputnode.groupmask', 'inputnode.groupmask'),
('"tbss3.outputnode.meanfa_file',

'"inputnode.meanfa_file'), ('tbssd.outputnode.distance_map',
'inputnode.distance_map')1]l),
(tbss_source, tbss_MD, [('md_list', 'inputnode.file list')]),

1)

if  name_ == '_ _main__ ':
tbssproc.write_graph ()
tbssproc.run()

Example source code
You can download the full source code of this example. This same script is also included in

the Nipype source distribution under the examples directory.
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CHAPTER 22

fMRI: OpenfMRI.org data, FSL, ANTS, c3daffine

A growing number of datasets are available on OpenfMRI. This script demonstrates how to use nipype to analyze
a data set:

python fmri_ants_openfmri.py --datasetdir dsl107

This workflow also requires 2mm subcortical templates that are available from MindBoggle. Specifically the
2mm version of the MNI template.
Import necessary modules from nipype.

from _ future  import division, unicode_literals
from builtins import open, range, str, bytes

from glob import glob
import os

from nipype import config

from nipype import LooseVersion

from nipype import Workflow, Node, MapNode

from nipype.utils.filemanip import filename_to_list

import nipype.pipeline.engine as pe

import nipype.algorithms.modelgen as model

import nipype.algorithms.rapidart as ra

from nipype.algorithms.misc import TSNR, CalculateMedian

from nipype.interfaces.c3 import C3dAffineTool

from nipype.interfaces import fsl, Function, ants, freesurfer as fs

import nipype.interfaces.io as nio

from nipype.interfaces.io import FreeSurferSource

import nipype.interfaces.utility as niu

from nipype.interfaces.utility import Merge, IdentityInterface

from nipype.workflows.fmri.fsl import (create_featreg_ preproc,
create_modelfit_workflow,
create_fixed_effects_flow)

from nipype.utils import NUMPY_MMAP

config.enable_provenance ()
version = 0
if (fsl.Info.version()

(continues on next page)
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and LooseVersion(fsl.Info.version()) > LooseVersion('5.0.6")):
version = 507

fsl.FSLCommand.set_default_output_type ('NIFTI_GZ")

imports = ['import os',

'"import nibabel as nb',

'import numpy as np',

'import scipy as sp',

'from nipype.utils.filemanip import filename_to_list, list_to_filename,

— split_filename',

'from scipy.special import legendre'

]

def create_reg_workflow (name='registration'):

"""Create a FEAT preprocessing workflow together with freesurfer

Parameters
name : name of workflow (default: 'registration')
Inputs:
inputspec.source_files : files (filename or list of filenames to register)
inputspec.mean_image : reference image to use
inputspec.anatomical_image : anatomical image to coregister to

inputspec.target_image : registration target
Outputs:

outputspec. funcZ2anat_transform : FLIRT transform
outputspec.anatltarget_transform : FLIRT+FNIRT transform
outputspec.transformed_files : transformed files in target space
outputspec.transformed_mean : mean image in target space

See code below

mon

register = pe.Workflow (name=name)

inputnode = pe.Node (
interface=niu.IdentityInterface (fields=][
'source_files', 'mean_image', 'anatomical_ image', 'target_image',
'target_image_brain', 'config_ file'
1),
name="inputspec")
outputnode = pe.Node (
interface=niu.IdentityInterface (fields=][
'func2anat_transform', 'anat2target_transform',
'transformed_files', 'transformed_mean', 'anat2target',
'meanZ2anat_mask'
1),

name='outputspec')
mirnm

(continues on next page)
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Estimate the tissue classes from the anatomical image. But use spm's segment
as FSL appears to be breaking.

mon

stripper = pe.Node (fsl1.BET (), name='stripper')

register.connect (inputnode, 'anatomical image', stripper, 'in_file')
fast = pe.Node(fsl.FAST (), name='fast'")

register.connect (stripper, 'out_file', fast, 'in_files")

moon

Binarize the segmentation

mon

binarize = pe.Node (
fsl.ImageMaths (op_string='-nan —-thr 0.5 -bin'), name='binarize')
pickindex = lambda x, i: x[1i]
register.connect (fast, ('partial volume_ files', pickindex, 2), binarize,
'in_file')
mmmn

Calculate rigid transform from mean image to anatomical image

mon

meanzanat = pe.Node (fsl.FLIRT (), name='meanZanat')
meanzanat.inputs.dof = 6

register.connect (inputnode, 'mean_ image', mean2anat, 'in_file')
register.connect (stripper, 'out_file', mean2anat, 'reference')

mon

Now use bbr cost function to improve the transform

moon

meanzanatbbr = pe.Node (fsl1.FLIRT (), name='meanZanatbbr')

meanzZanatbbr.inputs.dof = 6
meanzanatbbr.inputs.cost = 'bbr'
mean2anatbbr.inputs.schedule = os.path.join(

os.getenv ('FSLDIR'), 'etc/flirtsch/bbr.sch')
register.connect (inputnode, 'mean_image', meanZanatbbr, 'in_file')
register.connect (binarize, 'out_file', mean2anatbbr, 'wm_seg')
register.connect (inputnode, 'anatomical_ image', meanZanatbbr, 'reference')
register.connect (mean2anat, 'out_matrix_ file', meanZanatbbr,
'in matrix_file')

mon

Create a mask of the median image coregistered to the anatomical image
mmmn

meanZanat_mask = Node (fsl.BET (mask=True), name='meanZanat_mask")
register.connect (mean2anatbbr, 'out_file', meanZanat_mask, 'in file')

mmn

Convert the BBRegister transformation to ANTS ITK format

mon

convert2itk = pe.Node (C3dAffineTool (), name='convert2itk')

convert2itk.inputs.fsl2ras = True

convert2itk.inputs.itk_transform = True

register.connect (mean2anatbbr, 'out_matrix_file', convert2itk,
'transform_file')

register.connect (inputnode, 'mean_image', convert2itk, 'source_file')

register.connect (stripper, 'out_file', convert2itk, 'reference_file')
mmmn

(continues on next page)
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Compute registration between the subject's structural and MNI template

mon

* All parameters are set using the example from:
#https://github.com/stnava/ANTs/blob/master/Scripts/newAntsExample.sh

* This is currently set to perform a very quick registration. However,
the registration can be made significantly more accurate for cortical
structures by increasing the number of iterations.

reg = pe.Node (ants.Registration(), name='antsRegister')
reg.inputs.output_transform_prefix = "output_"
reg.inputs.transforms = ['Rigid', 'Affine', 'SyN']
reg.inputs.transform_parameters = [(0.1, ), (0.1, ), (0.2, 3.0, 0.0)]
reg.inputs.number_of_ iterations = [[10000, 11110, 1111011 = 2 + [I[

100, 30, 20
11
reg.inputs.dimension = 3
reg.inputs.write_composite_transform = True
reg.inputs.collapse_output_transforms = True
reg.inputs.initial_moving_transform_com = True
reg.inputs.metric = ['Mattes'] % 2 + [['Mattes', 'CC']]
reg.inputs.metric_weight = [1] %= 2 + [[0.5, 0.5]]
reg.inputs.radius_or_number_of_bins = [32] = 2 + [[32, 4]]
reg.inputs.sampling_strategy = ['Regular'] % 2 + [[None, None]]
reg.inputs.sampling_percentage = [0.3] * 2 + [[None, None]]
reg.inputs.convergence_threshold = [l1.e-8] % 2 + [-0.01]
reg.inputs.convergence_window_size = [20] % 2 + [5]
reg.inputs.smoothing_sigmas = [[4, 2, 1]] = 2 + [[1, 0.5, 01]
reg.inputs.sigma_units = ['vox'] % 3
reg.inputs.shrink_factors = [[3, 2, 1]] *~ 2 + [[4, 2, 1]]
reg.inputs.use_estimate_learning_rate_once = [True] * 3
reg.inputs.use_histogram_matching = [False] x 2 + [True]
reg.inputs.winsorize_lower_quantile = 0.005
reg.inputs.winsorize_upper_quantile = 0.995
reg.inputs.args = '—-—float'
reg.inputs.output_warped_image = 'output_warped_image.nii.gz'
reg.inputs.num_threads = 4
reg.plugin_args = {

'gsub_args': '-pe orte 4',

'sbatch_args': '--mem=6G -c 4'

}

register.connect (stripper, 'out_file', reg, 'moving_ image')
register.connect (inputnode, 'target_image_brain', reg, 'fixed_image')

Concatenate the affine and ants transforms into a list

merge = pe.Node(niu.Merge(2), iterfield=['in2'], name='mergexfm')
register.connect (convert2itk, 'itk transform', merge, 'in2')
register.connect (reg, 'composite_ transform', merge, 'inl'")

Transform the mean image. First to anatomical and then to target

warpmean = pe.Node (ants.ApplyTransforms (), name='warpmean')
warpmean. inputs.input_image_type = 0
warpmean.inputs.interpolation = 'Linear'
warpmean.inputs.invert_transform_flags = [False, False]
warpmean.terminal_output = 'file'
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def

def

register.connect (inputnode, 'target_ image_brain', warpmean,
'reference_image')

register.connect (inputnode, 'mean_image', warpmean, 'input_image')

register.connect (merge, 'out', warpmean, 'transforms')

mmn

Transform the remaining images. First to anatomical and then to target

mmn

warpall = pe.MapNode (

ants.ApplyTransforms (), iterfield=['input_image'], name='warpall')
warpall.inputs.input_image_type = 0
warpall.inputs.interpolation = 'Linear'
warpall.inputs.invert_transform_ flags
warpall.terminal_ output = 'file'

[False, False]

register.connect (inputnode, 'target_ image_ brain', warpall,
'reference_image')

register.connect (inputnode, 'source_files', warpall, 'input_image')

register.connect (merge, 'out', warpall, 'transforms')

mon

Assign all the output files

mmn

register.connect (reg, 'warped_image', outputnode, 'anatZtarget')

register.connect (warpmean, 'output_image', outputnode, 'transformed mean')

register.connect (warpall, 'output_image', outputnode, 'transformed_files")

register.connect (mean2anatbbr, 'out _matrix file', outputnode,
'func2anat_transform')

register.connect (mean2anat_mask, 'mask_file', outputnode, 'meanZanat_mask")

register.connect (reg, 'composite_ transform', outputnode,
'anat2target_transform')

return register
get_aparc_aseg(files):
"""Return the aparc+aseg.mgz file"""
for name in files:

if 'aparct+aseg.mgz' in name:

return name
raise ValueError ('aparc+aseg.mgz not found')

create_fs_reg _workflow(name='registration'):
"""Create a FEAT preprocessing workflow together with freesurfer

Parameters

name : name of workflow (default: 'registration')
Inputs:
inputspec.source_files : files (filename or list of filenames to register)

inputspec.mean_image : reference image to use
inputspec.target_image : registration target
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Outputs:
outputspec. funcZanat_transform : FLIRT transform
outputspec.anatltarget_transform : FLIRT+FNIRT transform
outputspec.transformed_files : transformed files in target space
outputspec.transformed_mean : mean image in target space

Example

See code below
mmmn

register = Workflow (name=name)

inputnode = Node (
interface=IdentityInterface (fields=][
'source_files', 'mean_image', 'subject_id', 'subjects_dir',
'target_image'
1)y

name='inputspec')

outputnode = Node (
interface=IdentityInterface (fields=]|
'func2anat_transform', 'out_reg_file', 'anat2target_transform',
'transforms', 'transformed_mean', 'transformed_ files',
'min_cost_file', 'anat2target', 'aparc', 'meanZanat_mask'
1),
name="'"outputspec')

# Get the subject's freesurfer source directory

fssource = Node (FreeSurferSource (), name='fssource')
fssource.run_without_submitting = True

register.connect (inputnode, 'subject_id', fssource, 'subject_id')
register.connect (inputnode, 'subjects_dir', fssource, 'subjects_dir')

convert = Node (freesurfer.MRIConvert (out_type='nii'), name="convert")
register.connect (fssource, 'T1l', convert, 'in_file'")

# Coregister the median to the surface
bbregister = Node (

freesurfer.BBRegister (registered_file=True), name='bbregister')
bbregister.inputs.init = "fsl'
bbregister.inputs.contrast_type = 't2'
bbregister.inputs.out_fsl _file = True
bbregister.inputs.epi_mask = True
register.connect (inputnode, 'subject_id', bbregister, 'subject_id')
register.connect (inputnode, 'mean_image', bbregister, 'source_ file')
register.connect (inputnode, 'subjects_dir', bbregister, 'subjects_dir")

# Create a mask of the median coregistered to the anatomical image
mean2anat_mask = Node (fsl.BET (mask=True), name='meanZanat_mask")
register.connect (bbregister, 'registered_file', meanZanat_mask, 'in_file')

mmn

use aparc+aseqg's brain mask
mmmn
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binarize = Node (
fs.Binarize (min=0.5, out_type="nii.gz", dilate=1),
name="binarize_aparc")
register.connect (fssource, ("aparc_aseg", get_aparc_aseg), binarize,
"in_file")

stripper = Node (fsl.ApplyMask (), name='stripper')
register.connect (binarize, "binary_ file", stripper, "mask_file")
register.connect (convert, 'out_file', stripper, 'in_ file')

mon

Apply inverse transform to aparc file
mmnm

aparcxfm = Node (
freesurfer.ApplyVolTransform(inverse=True, interp='nearest'),
name="'aparc_inverse_transform')
register.connect (inputnode, 'subjects_dir', aparcxfm, 'subjects_dir')
register.connect (bbregister, 'out_reg file', aparcxfm, 'reg_ file')
register.connect (fssource, ('aparc_aseg', get_aparc_aseg), aparcxfm,
'target_file'")
register.connect (inputnode, 'mean_ image', aparcxfm, 'source_file')

mmn

Convert the BBRegister transformation to ANTS ITK format

mon

convert2itk = Node (C3dAffineTool (), name='convert2itk")
convert2itk.inputs.fsl2ras = True

convert2itk.inputs.itk_transform = True

register.connect (bbregister, 'out_fsl file', convert2itk, 'transform file')
register.connect (inputnode, 'mean_ image', convert2itk, 'source_ file')
register.connect (stripper, 'out_file', convert2itk, 'reference file')

mon

Compute registration between the subject's structural and MNI template

* All parameters are set using the example from:
#https://github.com/stnava/ANTs/blob/master/Scripts/newAntsExample.sh

* This is currently set to perform a very quick registration. However,
the registration can be made significantly more accurate for cortical
structures by increasing the number of iterations.

mmn

reg = Node (ants.Registration(), name='antsRegister')

reg.inputs.output_transform_prefix = "output_"
reg.inputs.transforms = ['Rigid', 'Affine', 'SyN']
reg.inputs.transform_parameters = [(0.1, ), (0.1, ), (0.2, 3.0, 0.0)]

reg.inputs.number_of_iterations
100, 30, 20

[[10000, 11110, 1111011 » 2 + [I[

11

reg.inputs.dimension = 3

reg.inputs.write_composite_transform = True
reg.inputs.collapse_output_transforms = True
reg.inputs.initial_moving_transform_com = True
reg.inputs.metric = ['Mattes'] * 2 + [['Mattes', 'CC']]
reg.inputs.metric_weight = [1] *« 2 + [[0.5, 0.5]]
reg.inputs.radius_or_number_of_bins = [32] = 2 + [[32, 4]]
reg.inputs.sampling_strategy = ['Regular'] % 2 + [[None, None]]
reg.inputs.sampling_percentage = [0.3] * 2 + [[None, None]]
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reg.
reg.
reg.
reg.
reg.
reg.
reg.
reg.
reg.
reg.
reg.
reg.
reg.

}
regi
regi

inputs.convergence_threshold = [1.e-8] * 2 + [-0.01]
inputs.convergence_window_size = [20] * 2 + [5]
inputs.smoothing_sigmas = [[4, 2, 1]] = 2 + [[1, 0.5, 0]]
inputs.sigma_units = ['vox'] % 3

inputs.shrink_factors = [[3, 2, 111 * 2 + [[4, 2, 11]
inputs.use_estimate_learning_rate_once = [True] =+ 3
inputs.use_histogram_matching = [False] % 2 + [True]
inputs.winsorize_lower_quantile = 0.005
inputs.winsorize_upper_quantile = 0.995

inputs.float = True

inputs.output_warped_image = 'output_warped_image.nii.gz'
inputs.num_threads = 4

plugin_args = {

'gsub_args': '-pe orte 4',

'sbatch_args': '-—-mem=6G —-c 4'

ster.connect (stripper, 'out_file', reg, 'moving_ image')
ster.connect (inputnode, 'target_image', reg, 'fixed image')

Concatenate the affine and ants transforms into a list

merge = Node (Merge (2), iterfield=['in2'], name='mergexfm')
register.connect (convert2itk, 'itk transform', merge, 'in2')
register.connect (reg, 'composite_transform', merge, 'inl'")
Transform the mean image. First to anatomical and then to target

warpmean = Node (ants.ApplyTransforms (), name='warpmean')
warpmean.inputs.input_image_type = 0
warpmean.inputs.interpolation = 'Linear'
warpmean.inputs.invert_transform flags = [False, False]
warpmean.terminal_output = 'file'

warpmean.inputs.args = '—-—-float'

# warpmean.inputs.num_threads = 4

# warpmean.plugin_args = {'sbatch_args': '-—-mem=4G -c 4'}

Transform

the remaining images. First to anatomical and then to target

warpall

ants
warpall.
warpall.
warpall.
warpall.
warpall.
warpall.
warpall

mon

Assign a

mon

register
register

register
register
register
register

= pe.MapNode (

.ApplyTransforms (), iterfield=['input_image'], name='warpall')
inputs.input_image_type = 0

inputs.interpolation = 'Linear'

inputs.invert_transform flags = [False, False]

terminal_output = 'file'

inputs.args = '—-—float'

inputs.num_threads = 2

.plugin_args = {'sbatch_args': '--mem=6G -c 2'}

11 the output files

.connect (warpmean, 'output_image', outputnode, 'transformed mean')
.connect (warpall, 'output_image', outputnode, 'transformed_files')

.connect (inputnode, 'target_image', warpmean, 'reference_ image')
.connect (inputnode, 'mean_image', warpmean, 'input_image')
.connect (merge, 'out', warpmean, 'transforms')

.connect (inputnode, 'target_image', warpall, 'reference_ image')
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register.connect (inputnode, 'source_files', warpall, 'input_image')
register.connect (merge, 'out', warpall, 'transforms')

mmn

Assign all the output files

mmn

register.connect (reg, 'warped_image', outputnode, 'anatl2target')

register.connect (aparcxfm, 'transformed_file', outputnode, 'aparc')

register.connect (bbregister, 'out_fsl file', outputnode,
'func2anat_transform')

register.connect (bbregister, 'out_reg_file', outputnode, 'out_reg_file')

register.connect (bbregister, 'min cost_file', outputnode, 'min_cost_file'")

register.connect (mean2anat_mask, 'mask file', outputnode, 'meanZanat_mask')

register.connect (reg, 'composite_transform', outputnode,
'anat2target_transform')

register.connect (merge, 'out', outputnode, 'transforms')

return register

Get info for a given subject

def get_subjectinfo (subject_id, base_dir, task_id, model_id):
"""Get info for a given subject

Parameters
subject_id : string

Subject identifier (e.g., sub001)
base _dir : string

Path to base directory of the dataset
task_id : int

Which task to process
model_id : int

Which model to process

run_ids : 1list of ints
Run numbers

conds : list of str
Condition names
TR : float

Repetition time

mmon

from glob import glob
import os
import numpy as np
condition_info = []
cond_file = os.path.join(base_dir, 'models', 'model?03d' % model_id,
'condition_key.txt")
with open(cond_file, 'rt') as fp:
for line in fp:
info = line.strip() .split ()
condition_info.append([info[0], info[l], ' '.Join(info[2:])])
if len(condition_info) == 0:
raise ValueError ('No condition info found in %s' % cond_file)
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taskinfo = np.array(condition_info)
n_tasks = len(np.unique (taskinfol[:, 0]))
conds = []
run_ids = []
if task_id > n_tasks:
raise ValueError ('Task id %d does not exist' % task_id)
for idx in range(n_tasks):
taskidx = np.where(taskinfo[:, 0] == 'task?03d"' % (idx + 1))
conds.append ([
condition.replace(' ', '_")
for condition in taskinfo[taskidx[0], 2]
1) # 1f 'junk' not in condition])

files = sorted(
glob (
os.path.join (base_dir, subject_id, 'BOLD',

'task?03d _run+" % (idx + 1))))

runs = [int(val[-3:]) for val in files]

run_ids.insert (idx, runs)

json_info = os.path.join(base_dir, subject_id, 'BOLD', 'task$03d_runt03d' %

(task_id,
run_ids[task_id - 1]1[0]), 'bold scaninfo.json')

if os.path.exists(json_info) :
import json

with open(json_info, 'rt') as fp:
data = json.load (fp)
TR = data['global']['const']['RepetitionTime'] / 1000.
else:

task_scan_key = os.path.join(
base_dir, subject_id, 'BOLD', 'task?03d_runs03d' %
(task_id, run_ids[task_id - 1][0]), 'scan_key.txt")
if os.path.exists (task_scan_key):
TR = np.genfromtxt (task_scan_key) [1]
else:
TR = np.genfromtxt (os.path.join (base_dir, 'scan_key.txt'")) [1]
return run_ids[task_id - 1], conds[task_id - 1], TR

Analyzes an open fmri dataset

def analyze_openfmri_dataset (data_dir,
subject=None,
model_id=None,
task_id=None,
output_dir=None,
subj_prefix="x"',
hpcutoff=120.,
use_derivatives=True,
fwhm=6.0,
subjects_dir=None,
target=None) :
"""Analyzes an open fmri dataset

Parameters

data_dir : str
Path to the base data directory

(continues on next page)

312

Chapter 22. fMRI: OpenfMRI.org data, FSL, ANTS, c3daffine




nipype Documentation, Release 1.1.0

(continued from previous page)

work_dir : str
Nipype working directory (defaults to cwd)

mon
mon

Load nipype workflows

mon

preproc = create_featreg_preproc (whichvol="first")
modelfit = create_modelfit_workflow ()
fixed_fx = create_fixed_effects_flow()
if subjects_dir:
registration = create_fs_reg_workflow()
else:
registration = create_reg_workflow ()
mmmn
Remove the plotting connection so that plot iterables don't propagate
to the model stage

mon

preproc.disconnect (
preproc.get_node('plot_motion'), 'out_file',
preproc.get_node ('outputspec'), 'motion plots')

mon

Set up openfmri data specific components

moon

subjects = sorted ([

path.split (os.path.sep) [-1]

for path in glob(os.path.join(data_dir, subj_prefix))
1)

infosource = pe.Node (
niu.IdentityInterface (fields=["'subject_id', 'model_ id', 'task_id']),
name="'infosource')

if len(subject) == 0:
infosource.iterables = [('subject_id', subjects),
("model_id', [model_id]), ('task_id', task_id)]
else:
infosource.iterables = [('subject_id', [
subjects[subjects.index (subj)] for subj in subject

1), ('model_id', [model_id]), ('task_id', task_id)]

subjinfo = pe.Node (
niu.Function (
input_names=['subject_id', 'base_dir', 'task_id', 'model_id'],
output_names=['run_id', 'conds', 'TR'],
function=get_subjectinfo),
name='subjectinfo')
subjinfo.inputs.base_dir = data_dir

mon

Return data components as anat, bold and behav

mmn

contrast_file = os.path.join(data_dir, 'models', 'model?03d' % model_id,
'task_contrasts.txt')
has_contrast = os.path.exists (contrast_file)

if has_contrast:
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datasource = pe.Node (
nio.DataGrabber (
infields=['subject_id', 'run_id', 'task_id', 'model_id'],
outfields=['anat', 'bold', 'behav', 'contrasts']),
name="'datasource')
else:
datasource = pe.Node (
nio.DataGrabber (
infields=['subject_id', 'run_id', 'task_id', 'model_id'],
outfields=['anat', 'bold', 'behav']l),
name="'datasource')
datasource.inputs.base_directory = data_dir
datasource.inputs.template = 'x'

if has_contrast:

datasource.inputs.field_template = {
'anat': '$%s/anatomy/T1_001.nii.gz"',
'bold': '$%s/BOLD/task$03d_rx/bold.nii.gz"',
'behav': ('%s/model/model%03d/onsets/task?

'run$03d/cond*.txt"),
('models/model $03d/"
'task_contrasts.txt')

'contrasts':

}

datasource.inputs.template_args = {

'anat': [['subject_id']],
'bold': [['subject_id', 'task_id']l],
'behav': [['subject_id', 'model_id', 'task_id', 'run_id'l],
'contrasts': [['model_id']]
}
else:
datasource.inputs.field_template = {
'anat': '$s/anatomy/T1_001.nii.gz',
'bold': '$%s/BOLD/task$03d_rx/bold.nii.gz"',
'behav': ('%s/model/model%03d/onsets/task%03d_"'
'run%03d/cond*.txt")
}
datasource.inputs.template_args = {
'anat': [['subject_id']],
'bold': [['subject_id', 'task_id']l],
'behav': [['subject_id', 'model_id', 'task_id', 'run_id']]
}
datasource.inputs.sort_filelist = True

mon

Create meta workflow

mon

wf = pe.Workflow (name="'openfmri')
wf.connect (infosource, 'subject_id', subjinfo, 'subject_id")
wf.connect (infosource, 'model_id', subjinfo, 'model_ id")
wf.connect (infosource, 'task id', subjinfo, 'task_ id")
wf.connect (infosource, 'subject_id', datasource, 'subject_id")
wf.connect (infosource, 'model_ id', datasource, 'model_id'")
wf.connect (infosource, 'task_id', datasource, 'task_id')
wf.connect (subjinfo, 'run_id', datasource, 'run_id")
wf.connect ([

(datasource, preproc, [('bold', 'inputspec.func')]),

(continues on next page)

314

Chapter 22. fMRI: OpenfMRI.org data, FSL, ANTS, c3daffine




nipype Documentation, Release 1.1.0

(continued from previous page)

1)

def get_highpass (TR, hpcutoff) :
return hpcutoff / (2. % TR)

gethighpass = pe.Node (
niu.Function (
input_names=['TR', 'hpcutoff'],
output_names=['highpass'],
function=get_highpass),
name="'gethighpass')
wf.connect (subjinfo, 'TR', gethighpass, 'TR')
wf.connect (gethighpass, 'highpass', preproc, 'inputspec.highpass")

mon

Setup a basic set of contrasts, a t—-test per condition

mmon

def get_contrasts(contrast_file, task_id, conds):

import numpy as np

import os

contrast_def = []

if os.path.exists (contrast_file):

with open (contrast_file, 'rt') as fp:
contrast_def.extend ([

np.array (row.split ()) for row in fp.readlines/()
if row.strip()

1)

contrasts = []
for row in contrast_def:
if row[0] != '"task?203d"'" % task_id:
continue
con = [
row[l], 'T', ['cond%03d' % (i + 1) for i in range(len(conds))],

row[2:] .astype(float) .tolist ()
]
contrasts.append (con)
# add auto contrasts for each column
for i, cond in enumerate (conds) :
con = [cond, 'T', ['cond?03d
contrasts.append (con)
return contrasts

contrastgen = pe.Node (
niu.Function (
input_names=['contrast_file', 'task_id', 'conds'],
output_names=['contrasts'],
function=get_contrasts),
name="'contrastgen')

art = pe.MapNode (
interface=ra.ArtifactDetect (

use_differences=[True, False],
use_norm=True,
norm_threshold=1,
zintensity_threshold=3,
parameter_source='FSL',
mask_type='file'),
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iterfield=['realigned_files', 'realignment_parameters', 'mask_file'],
name="art")

modelspec = pe.Node (interface=model.SpecifyModel (), name="modelspec")
modelspec.inputs.input_units = 'secs'

def check_behav_list (behav, run_id, conds):
import numpy as np
num_conds = len (conds)
if isinstance (behav, (str, bytes)):
behav = [behav]
behav_array = np.array (behav) .flatten()
num_elements = behav_array.shape[0]
return behav_array.reshape (int (num_elements / num_conds),
num_conds) .tolist ()

reshape_behav = pe.Node (
niu.Function (
input_names=['behav', 'run_id', 'conds'],
output_names=["behav'],
function=check_behav_1list),
name="'"reshape_behav")

wf.connect (subjinfo, 'TR', modelspec, 'time_repetition')
wf.connect (datasource, 'behav', reshape_behav, 'behav')
wf.connect (subjinfo, 'run_id', reshape_behav, 'run_id")
wf.connect (subjinfo, 'conds', reshape_behav, 'conds')
wf.connect (reshape_behav, 'behav', modelspec, 'event_ files')

wf.connect (subjinfo, 'TR', modelfit, 'inputspec.interscan_interval')
wf.connect (subjinfo, 'conds', contrastgen, 'conds')
if has_contrast:

wf.connect (datasource, 'contrasts', contrastgen, 'contrast_file')
else:

contrastgen.inputs.contrast_file =
wf.connect (infosource, 'task_id', contrastgen, 'task_id")
wf.connect (contrastgen, 'contrasts', modelfit, 'inputspec.contrasts')

wf.connect ([ (preproc, art,
[ ('"outputspec.motion_parameters', 'realignment_parameters'),
('outputspec.realigned_files',
'realigned_files'), ('outputspec.mask', 'mask_file')]),
(preproc, modelspec,
[ ("outputspec.highpassed_files', 'functional_runs'),
('outputspec.motion_parameters', 'realignment_parameters')]),
(art, modelspec,
[('outlier_files', 'outlier_ files')]), (modelspec, modelfit, [
('session_info', 'inputspec.session_info')
]), (preproc, modelfit, [ ('outputspec.highpassed_files',
'"inputspec.functional_data')]1)1)

# Comute TSNR on realigned data regressing polynomials upto order 2
tsnr = MapNode (TSNR (regress_poly=2), iterfield=['in_file'], name='tsnr')
wf.connect (preproc, "outputspec.realigned files", tsnr, "in file")

# Compute the median image across runs
calc_median = Node (CalculateMedian (), name='median')

(continues on next page)

316

Chapter 22. fMRI: OpenfMRI.org data, FSL, ANTS, c3daffine




nipype Documentation, Release 1.1.0

(continued from previous page)

wf.connect (tsnr, 'detrended_file', calc_median, 'in_files'")

mon

Reorder the copes so that now it combines across runs

mon

def sort_copes (copes, varcopes, contrasts):
import numpy as np
if not isinstance (copes, list):

copes = [copes]
varcopes = [varcopes]
num_copes = len(contrasts)
n_runs = len(copes)
all_copes = np.array (copes) .flatten()
all_varcopes = np.array(varcopes) .flatten()
outcopes = all_copes.reshape (
int (len(all_copes) / num_copes), num_copes).T.tolist ()
outvarcopes = all_varcopes.reshape (

int (len(all_varcopes) / num_copes), num_copes).T.tolist ()
return outcopes, outvarcopes, n_runs

cope_sorter = pe.Node (
niu.Function (
input_names=['copes', 'varcopes', 'contrasts'],
output_names=["'copes', 'varcopes', 'n_runs'],
function=sort_copes),
name="'cope_sorter"')

pickfirst = lambda x: x[0]

wf.connect (contrastgen, 'contrasts', cope_sorter, 'contrasts')
wf.connect ([ (preproc, fixed_ fx,
[(('outputspec.mask', pickfirst),
'flameo.mask_file')]), (modelfit, cope_sorter,
[ ('outputspec.copes', 'copes')]),
(modelfit, cope_sorter, [ ('outputspec.varcopes', 'varcopes')l]l),
(cope_sorter, fixed_fx,

[('copes', 'inputspec.copes'), ('varcopes',
'inputspec.varcopes'),
('n_runs', 'l2model.num copes')]), (modelfit, fixed_ fx, [

('outputspec.dof_file', 'inputspec.dof_files'),
DR

wf.connect (calc_median, 'median_file', registration,
'inputspec.mean_image')
if subjects_dir:
wf.connect (infosource, 'subject_id', registration,
'"inputspec.subject_id")

registration.inputs.inputspec.subjects_dir = subjects_dir

registration.inputs.inputspec.target_image = fsl.Info.standard_image (
'MNTI152_T1_2mm_brain.nii.gz"')

if target:

registration.inputs.inputspec.target_image = target
else:
wf.connect (datasource, 'anat', registration,
'inputspec.anatomical_image')
registration.inputs.inputspec.target_image = fsl.Info.standard_image (
'MNI152_T1_ 2mm.nii.gz'")

(continues on next page)
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def merge_files (copes, varcopes, zstats):
out_files = []
splits = []
out_files.extend (copes)
splits.append(len (copes))
out_files.extend (varcopes)
splits.append(len (varcopes))
out_files.extend(zstats)
splits.append(len(zstats))
return out_files, splits

mergefunc = pe.Node (
niu.Function (
input_names=['copes', 'varcopes', 'zstats'],
output_names=['out_files', 'splits'],
function=merge_files),
name='"'merge_files'")
wf.connect ([ (fixed_fx.get_node ('outputspec'), mergefunc, [
('copes', 'copes'),
('varcopes', 'varcopes'),
('zstats', 'zstats'),

1)

def split_files(in_files, splits):
copes = in_files[:splits[0]]
varcopes = in_files[splits[0]: (splits[0] + splits[1])]
zstats = in_files[(splits[0] + splits[1l]):]
return copes, varcopes, zstats

splitfunc = pe.Node (
niu.Function (
input_names=['in_files', 'splits'],
output_names=['copes', 'varcopes', 'zstats'],
function=split_files),
name="'split_files')
wf.connect (mergefunc, 'splits', splitfunc, 'splits')

'in_files')

if subjects_dir:
get_roi_mean = pe.MapNode (
fs.SegStats (default_color_table=True),
iterfield=['in_file'],
name='"get_aparc_means')
get_roi_mean.inputs.avgwf_txt_file = True
wf.connect (
fixed_fx.get_node('outputspec'), 'copes', get_roi_mean,
wf.connect (registration, 'outputspec.aparc', get_roi_mean,
'segmentation_file')

get_roi_tsnr = pe.MapNode (

registration.inputs.inputspec.target_image_brain = fsl.Info.standard_
—~limage (
'MNT152_T1_2mm_brain.nii.gz"')
registration.inputs.inputspec.config_file = 'T1 2 MNI152 2mm'’

wf.connect (mergefunc, 'out_files', registration, 'inputspec.source_files')

wf.connect (registration, 'outputspec.transformed_files', splitfunc,

'in file'")

(continues on next page)
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fs.SegStats (default_color_table=True),

iterfield=['in_file'],

name='"get_aparc_tsnr')
get_roi_tsnr.inputs.avgwf_txt_file =
wf.connect (tsnr, 'tsnr_file',
wf.connect (registration,
'segmentation_file')

mon

Connect to a datasink

mon

def get_subs(subject_id, conds, run_id,

True
get_roi_tsnr,
'outputspec.aparc',

'in_file'")
get_roi_tsnr,

model_id, task_id):

subs = [('_subject_id %s_ ' % subject_id, ''")]
subs.append (('_model_id_%d' % model_id, 'models03d' model_1id))
subs.append (('task_id_2%d/' % task_id, '/task$03d_' % task_id))
subs.append ( ('bold_dtype_mcf_mask_smooth_mask_gms_tempfilt_mean_warp',
'mean'))
subs.append ( ('bold_dtype_mcf_mask_smooth_mask_gms_tempfilt_mean_flirt',
'affine'))
for i in range(len(conds)) :
subs.append(('_flameotd/copel.' % 1, 'cope$02d.' % (1 + 1)))
subs.append (('_flameoéd/varcopel.' % i, 'varcopet02d.' % (i + 1)))
subs.append (('_flameo$d/zstatl.' % i, 'zstate02d.' % (1 + 1)))
subs.append(('_flameo$d/tstatl.' % i, 'tstats02d.' % (1 + 1)))
subs.append (('_flameo¢d/resdd.' % 1, 'resdd202d."' % (i + 1)))
subs.append( (' _warpall?d/copel_warp.' % i, 'copes02d.' % (1 + 1)))
subs.append(('_warpall$d/varcopel_warp.' % (len(conds) + i),
'varcopes02d."'" % (1 + 1)))
subs.append (('_warpall?d/zstatl_warp.' % (2 » len(conds) + 1),
'zstat$02d." % (1 + 1)))
subs.append (('_warpall?d/copel_trans.' % i, 'coped02d.' % (i + 1)))
subs.append(('_warpall$d/varcopel_trans.' % (len(conds) + i),
'varcope$02d." % (i + 1)))
subs.append( (' _warpall?d/zstatl_trans.' % (2 * len(conds) + 1),
'zstat%02d.' % (1 + 1)))
subs.append(('__get_aparc_means<d/' % 1, '/copet02d_ " % (1 + 1)))
for i, run_num in enumerate (run_id) :
subs.append(('__get_aparc_tsnrsd/' % i, '/run%02d_' % run_num))
subs.append (('__artsd/' % i, '"/run$02d_' % run_num))
subs.append(('__dilatemasksd/"' % i, '"/rung02d_' run_num) )
subs.append(('__realigngd/' % i, '/run%02d_' % run_num))
subs.append(('__modelgenzd/' % i, '/run%02d_' % run_num))
subs.append (('/model203d/taske03d/" % (model_id, task_id), '/"))
subs.append (('/model $03d/task¢03d_" % (model_id, task_id), '/'"))
subs.append (('_bold dtype_mcf_bet_ thresh_dil', '_mask'))
subs.append ( ('_output_warped_image', '_anat2target'))
subs.append (('median_flirt_brain_mask', 'median_brain_mask'))
subs.append (('median_bbreg_brain_mask', 'median_brain_mask'))

return subs

subsgen = pe.Node (
niu.Function (
input_names=[
'subject_i1id"',

'conds', 'run_id',

1,

'model_id"',

'task_id"

(continues on next page)
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output_names=['substitutions'],
function=get_subs),
name="'subsgen')
wf.connect (subjinfo, 'run_id', subsgen, 'run_id")

datasink = pe.Node (interface=nio.DataSink (), name="datasink")
wf.connect (infosource, 'subject_id', datasink, 'container')
wf.connect (infosource, 'subject_id', subsgen, 'subject_id")
wf.connect (infosource, 'model id', subsgen, 'model_ id'")
wf.connect (infosource, 'task_id', subsgen, 'task_ id')
wf.connect (contrastgen, 'contrasts', subsgen, 'conds')
wf.connect (subsgen, 'substitutions', datasink, 'substitutions')
wf.connect ([ (fixed_fx.get_node ('outputspec'), datasink,
[('res4d', 'res4d'), ('copes', 'copes'), ('varcopes',
'varcopes'),
('zstats', 'zstats'), ('tstats', 'tstats')]l)])
wf.connect ([ (modelfit.get_node('modelgen'), datasink, [
('design_cov', 'ga.model'),
('"design_image', 'ga.model.@matrix_image'),
('design_file', 'ga.model.@matrix'),
IDRD
wf.connect ([ (preproc, datasink, [ ('outputspec.motion_ parameters',
'ga.motion'), ('outputspec.motion_plots',
'ga.motion.plots"'),
('outputspec.mask', 'ga.mask')])1)
wf.connect (registration, 'outputspec.meanZanat_mask', datasink,
'ga.mask.meanzanat")
wf.connect (art, 'norm_files', datasink, 'ga.art.@norm')
wf.connect (art, 'intensity_ files', datasink, 'ga.art.@intensity")
wf.connect (art, 'outlier_ files', datasink, 'ga.art.@outlier files')
wf.connect (registration, 'outputspec.anat2target', datasink,
'ga.anat2target")
wf.connect (tsnr, 'tsnr_ file', datasink, 'ga.tsnr.@map')
if subjects_dir:
wf.connect (registration, 'outputspec.min_cost_file', datasink,
'ga.mincost"')
wf.connect ([ (get_roi_tsnr, datasink, [('avgwf_ txt file', 'ga.tsnr'),
('summary_file',
'ga.tsnr.@summary')]1)])
wf.connect ([ (get_roi_mean, datasink, [('avgwf_txt_file', 'copes.roi'),
('"summary_file',
'copes.roi.@summary')]1)])
wf.connect ([ (splitfunc, datasink, [
('copes', 'copes.mni'),
('varcopes', 'varcopes.mni'),
('zstats', 'zstats.mni'),
DR
wf.connect (calc_median, 'median_file', datasink, 'mean')
wf.connect (registration, 'outputspec.transformed_mean', datasink,
'mean.mni')
wf.connect (registration, 'outputspec.func2anat_transform', datasink,
'xfm.meanZ2anat"')
wf.connect (registration, 'outputspec.anat2target_transform', datasink,
'xfm.anat2target"')

mon

Set processing parameters
mrnm

(continues on next page)
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preproc.inputs.inputspec.fwhm = fwhm
gethighpass.inputs.hpcutoff = hpcutoff

modelspec.inputs.high_pass_filter_cutoff
{'dgamma':
modelfit.inputs.inputspec.model_serial_correlations =
modelfit.inputs.inputspec.film_threshold

modelfit.inputs.inputspec.bases =

datasink.inputs.base_directory =
return wf

= hpcutoff

{'derivs': use_derivatives}}
True

= 1000

output_dir

The following functions run the whole workflow.

if name == '__main__ ':
import argparse
defstr = ' (default $%(default)s)'
parser = argparse.ArgumentParser (
prog='fmri_openfmri.py’',
parser.add_argument ('-d', '—--datasetdir',
parser.add_argument (
—st,

'-—subject’,

default=[],

nargs="+",

type=str,

help="Subject name (e.g.

parser.add_argument (
]

'sub001")")
-m', '--model', default=1,
parser.add_argument (
oxt,
'-—subjectprefix’',
default="subx"',
help="Subject prefix"
parser.add_argument (
Lol ,
'-—-task',
default=1,
type=int,
help="Task index" + defstr)
parser.add_argument (
'-—hpfilter',
default=120.,
type=float,
help="High pass filter cutoff
parser.add_argument (
'——fwhm', default=6.,
parser.add_argument (
'-—derivatives',
parser.add_argument (
"-o", "--output_dir",
parser.add_argument (
"*W",
parser.add_argument (
"-p",
"--plugin",
dest="plugin",
default="Linear',

+ defstr)

# nargs='+",

(in

type=float,

dest="outdir",

"——work_dir", dest="work_dir",

help="Model index"

secs) "

action="store_true",

description=__doc_ )

required=True)

+ defstr)

+ defstr)

help="Spatial FWHM" + defstr)

help="Use derivatives" + defstr)
help="Output directory base")

help="Output directory base")

(continues on next page)
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help="Plugin to use")
parser.add_argument (
"--plugin_args",
parser.add_argument (
"——sd",
dest="subjects_dir",
help="FreeSurfer subjects directory
parser.add_argument (
"-—target",
dest="target_file",
help=("Target in MNI space.
"template - only used with FreeSurfer"

dest="plugin_args",

args = parser.parse_args ()
outdir = args.outdir
work_dir = os.getcwd()
if args.work_dir:

work_dir =
if outdir:

os.path.abspath (args.work_dir)

outdir = os.path.abspath (outdir)
else:

outdir = os.path.join(work_dir, 'output')
outdir = os.path.join(outdir, 'model?202d' %

'task303d' %
args.derivatives

int (args.task))
derivatives =
if derivatives is None:
derivatives = False

analyze_openfmri_dataset (
data_dir=os.path.abspath(args.datasetdir),
subject=args.subject,
model_id=int (args.model),
task_id=[int (args.task)],
subj_prefix=args.subjectprefix,

output_dir=outdir,
hpcutoff=args.hpfilter,
use_derivatives=derivatives,

fwhm=args. fwhm,

subjects_dir=args.subjects_dir,
target=args.target_file)
# wf.config['execution'] ['remove_unnecessary_outputs']

wf =

wf.base_dir = work_dir

if args.plugin_args:
wf.run(args.plugin,

else:
wf.run(args.plugin)

help="Plugin arguments")

(if available)")

Best to use the MindBoggle "

"OASIS-30_Atropos_template_in_MNI152_2mm.nii.gz"))

int (args.model),

= False

plugin_args=eval (args.plugin_args))

Example source code

You can download the full source code of this example. This same script is also included in

the Nipype source distribution under the examples directory.
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CHAPTER 23

fMRI: surface smooth - FreeSurfer, SPM

This tutorial illustrates how to perform surface-based smoothing of cortical data using FreeSurfer and then
perform firstlevel model and contrast estimation using SPM. A surface-based second level glm illustrates the
use of spherical registration and freesurfer’s glm functions.

23.1 Preparing environment

23.1.1 Step 0

In order to run this tutorial you need to have SPM and FreeSurfer tools installed and accessible from mat-
lab/command line. Check by calling mri_info from the command line.

23.1.2 Step 1

Link the fsaverage directory for your freesurfer distribution. To do this type:

cd nipype-tutorial/fsdata
In -s SFREESURFER_HOME/subjects/fsaverage

cd ..

23.2 Defining the workflow

from _ future  import print_function
from builtins import str
from builtins import range

import

import
import
import
import
import
import

os # system functions

nipype
nipype

nipype.
nipype.
nipype.
nipype.

.algorithms
.algorithms.
interfaces.
interfaces.

interfaces

.modelgen as model # model generation

rapidart as ra # artifact detection
freesurfer as fs # freesurfer
io as nio # i/o routines

.matlab as mlab # how to run matlab
interfaces.

spm as spm # spm

(continues on next page)

323



http://surfer.nmr.mgh.harvard.edu
http://www.fil.ion.ucl.ac.uk/spm
http://www.fil.ion.ucl.ac.uk/spm
http://surfer.nmr.mgh.harvard.edu

nipype Documentation, Release 1.1.0

(continued from previous page)

import nipype.interfaces.utility as util # utility
import nipype.pipeline.engine as pe # pypeline engine

23.2.1 iminaries

Set any package specific configuration. Setting the subjects directory and the appropriate matlab command to
use. if you want to use a different spm version/path, it should also be entered here. These are currently being
set at the class level, so every node will inherit these settings. However, these can also be changed or set for an
individual

# Tell freesurfer what subjects directory to use
subjects_dir = os.path.abspath('fsdata')
fs.FSCommand.set_default_subjects_dir (subjects_dir)

# Set the way matlab should be called
mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop -nosplash")
# If SPM is not in your MATLAB path you should add it here
mlab.MatlabCommand.set_default_paths ('/software/spm8")

23.2.2 eprocessing workflow

preproc = pe.Workflow (name='preproc')

Usenipype.interfaces. spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (interface=spm.Realign (), name="realign")
realign.inputs.register_to_mean = True

Use nipype.algorithms.rapidart to determine which of the images in the functional series are outliers
based on deviations in intensity or movement.

art = pe.Node (interface=ra.ArtifactDetect (), name="art")
art.inputs.use_differences = [True, False]
art.inputs.use_norm = True

art.inputs.norm_threshold = 1
art.inputs.zintensity_threshold = 3
art.inputs.mask_type = 'file'
art.inputs.parameter_source = 'SPM'

Use nipype.interfaces.freesurfer.BBRegister to coregister the mean functional image gener-
ated by realign to the subjects’ surfaces.

surfregister = pe.Node(interface=fs.BBRegister (), name='surfregister')
surfregister.inputs.init = "fsl1'
surfregister.inputs.contrast_type = 't2'

Usenipype.interfaces.io.FreeSurferSource toretrieve various image files that are automatically
generated by the recon-all process.

FreeSurferSource = pe.Node (interface=nio.FreeSurferSource (), name='fssource')

Use nipype.interfaces.freesurfer.ApplyVolTransform to convert the brainmask generated
by freesurfer into the realigned functional space.

ApplyVolTransform = pe.Node (interface=fs.ApplyVolTransform(), name='applyreg')
ApplyVolTransform.inputs.inverse = True

Use nipype.interfaces.freesurfer.Binarize to extract a binary brain mask.
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Threshold = pe.Node(interface=fs.Binarize (), name='threshold')
Threshold.inputs.min = 10
Threshold.inputs.out_type = 'nii'

Two different types of functional data smoothing are performed in this workflow. The volume smoothing option
performs a standard SPM smoothin. using nipype.interfaces.spm.Smooth. In addition, we use a
smoothing routine from freesurfer (nipype.interfaces.freesurfer.Binarize) to project the func-
tional data from the volume to the subjects’ surface, smooth it on the surface and fit it back into the volume
forming the cortical ribbon. The projection uses the average value along a “cortical column”. In addition to the
surface smoothing, the rest of the volume is smoothed with a 3d gaussian kernel.

Note: It is very important to note that the projection to the surface takes a 3d manifold to a 2d manifold.
Hence the reverse projection, simply fills the thickness of cortex with the smoothed data. The smoothing is not
performed in a depth specific manner. The output of this branch should only be used for surface-based analysis
and visualization.

volsmooth = pe.Node (interface=spm.Smooth (), name="volsmooth")
surfsmooth = pe.MapNode (
interface=fs.Smooth (proj_frac_avg=(0, 1, 0.1)),
name="surfsmooth",
iterfield=['in file'])

We connect up the different nodes to implement the preprocessing workflow.

preproc.connect ([

(realign, surfregister, [('mean_image', 'source_file')]),

(FreeSurferSource, ApplyVolTransform, [ ('brainmask', 'target_file')]),

(surfregister, ApplyVolTransform, [('out_reg file', 'reg_file')]),

(realign, ApplyVolTransform, [ ('mean_image', 'source_file')]),

(ApplyVolTransform, Threshold, [('transformed file', 'in_file'")]),

(realign, art, [('realignment_parameters', 'realignment_parameters'),
('realigned_files', 'realigned_files'")]),

(Threshold, art, [('binary_file', 'mask_file')]),

(realign, volsmooth, [('realigned files', 'in_ files')]),

(realign, surfsmooth, [('realigned_ files', 'in_file')]),

(surfregister, surfsmooth, [('out_reg file', 'reg_ file')]),

1)

23.2.3 Set up volume analysis workflow

volanalysis = pe.Workflow(name='volanalysis')

Generate SPM-specific design information using nipype.interfaces.spm. SpecifyModel.

modelspec = pe.Node (interface=model.SpecifySPMModel (), name="modelspec")
modelspec.inputs.concatenate_runs = True

Generate a first level SPM.mat file for analysis nipype.interfaces.spm.LevellDesign.

levelldesign = pe.Node (interface=spm.LevellDesign (), name="levelldesign")
levelldesign.inputs.bases = {'hrf': {'derivs': [0, O0]}}

Use nipype.interfaces.spm.EstimateModel to determine the parameters of the model.

levellestimate = pe.Node (interface=spm.EstimateModel (), name="levellestimate")
levellestimate.inputs.estimation_method = {'Classical': 1}
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Use nipype.interfaces.spm.EstimateContrast to estimate the first level contrasts specified in a
few steps above.

contrastestimate = pe.Node (
interface=spm.EstimateContrast (), name="contrastestimate™)

volanalysis.connect ([
(modelspec, levelldesign, [('session_info', 'session_info')]),
(levelldesign, levellestimate, [('spm_mat_file', 'spm_mat_file')]),
(levellestimate, contrastestimate,
[("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),
('residual_image', 'residual_image')]),

1)

23.2.4 Set up surface analysis workflow

We simply clone the volume analysis workflow.

surfanalysis = volanalysis.clone (name='surfanalysis')

23.2.5 Set up volume normalization workflow

The volume analysis is performed in individual space. Therefore, post analysis we normalize the contrast images
to MNI space.

volnorm = pe.Workflow (name='volnormconimages')

Use nipype.interfaces.freesurfer.MRIConvert to convert the brainmask, an mgz file and the
contrast images (nifti-1 img/hdr pairs), to single volume nifti images.

convert = pe.Node(interface=fs.MRIConvert (out_type='nii'), name='convert2nii')
convert2 = pe.MapNode (

interface=fs.MRIConvert (out_type='nii'),

iterfield=['"in_file'],

name='convertimg2nii')

Usenipype.interfaces.spm.Segment to segment the structural image and generate the transformation
file to MNI space.

Note: Segment takes longer than usual because the nose is wrapped behind the head in the structural image.

segment = pe.Node (interface=spm.Segment (), name='segment')

Use nipype.interfaces.freesurfer.ApplyVolTransform to convert contrast images into
freesurfer space.

normwreg = pe.MapNode (
interface=fs.ApplyVolTransform(),
iterfield=["'source_file'],
name="applyreg2con')

Use nipype.interfaces.spm.Normalize to normalize the contrast images to MNI space

normalize = pe.Node (interface=spm.Normalize (jobtype='write'), name='normZ2mni')

Connect up the volume normalization components
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volnorm.connect ([

(convert, segment, [('out_file', 'data')l]),

(convert2, normwreg, [('out_file', 'source_file')]),

(segment, normalize, [('transformation_mat', 'parameter_file')]),
(normwreg, normalize, [('transformed_ file', 'apply_ to_files')]),

1

23.2.6 Preproc + Analysis + VolumeNormalization workflow

Connect up the lower level workflows into an integrated analysis. In addition, we add an input node that specifies
all the inputs needed for this workflow. Thus, one can import this workflow and connect it to their own data
sources. An example with the nifti-tutorial data is provided below.

For this workflow the only necessary inputs are the functional images, a freesurfer subject id corresponding to
recon-all processed data, the session information for the functional runs and the contrasts to be evaluated.

inputnode = pe.Node (
interface=util.IdentityInterface (
fields=['func', 'subject_id', 'session_info', 'contrasts']),
name="inputnode")

Connect the components into an integrated workflow.

llpipeline = pe.Workflow (name='firstlevel')
llpipeline.connect ([
(inputnode, preproc, [
('"func', 'realign.in_files'"),
('subject_id', 'surfregister.subject_id'"),
('subject_id', 'fssource.subject_id'"),
1)
(inputnode, volanalysis, [('session_info', 'modelspec.subject_info'),
('contrasts', 'contrastestimate.contrasts')]),
(inputnode, surfanalysis, [('session_info', 'modelspec.subject_info'),
('contrasts', 'contrastestimate.contrasts')]),

1)

# attach volume and surface model specification and estimation components
llpipeline.connect (
[ (preproc, volanalysis,

[("realign.realignment_parameters', 'modelspec.realignment_parameters'),
('volsmooth.smoothed_files', 'modelspec.functional_runs'),
("art.outlier_files',

'modelspec.outlier files'), ('threshold.binary_file',
'levelldesign.mask_image')]),
(preproc, surfanalysis,

[('"realign.realignment_parameters', 'modelspec.realignment_parameters'),
("surfsmooth.smoothed_file', 'modelspec.functional_ runs'),
('"art.outlier_files',

'modelspec.outlier files'), ('threshold.binary_file',
'levelldesign.mask_image')]1)1)

# attach volume contrast normalization components
llpipeline.connect ([ (preproc, volnorm,
[("fssource.orig', 'convert2nii.in_file'),
('"surfregister.out_reg_file', 'applyreg2con.reg_file'),
('fssource.orig', 'applyreg2con.target_file')]),
(volanalysis, volnorm, [
('"contrastestimate.con_images',

(continues on next page)
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'convertimg2nii.in_file'),

N1

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And mical volume named
struct.nii. Below we set some variables to inform the datasource about the layout of our data. We specify
the location of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field)
for the run type (st ruct or func). These fields become the output fields of the datasource node in the
pipeline. In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a template
‘Yos.nii’. So ‘3’ would become

# Specify the location of the data.

data_dir = os.path.abspath('data')

# Specify the subject directories

subject_list = ['sl', 's3'"]

# Map field names to individual subject runs.

info = dict (
func=[["'subject_id', ['f3', '£5', 'f£7', 'f10']11],
struct=[['subject_id"', 'struct']l])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'], outfields=['func', 'struct']),
name="'datasource')
datasource.inputs.base_directory = data_dir

datasource.inputs.template = '¢s/%s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

23.2.7 Set preprocessing parameters

llpipeline.inputs.preproc.fssource.subjects_dir = subjects_dir
llpipeline.inputs.preproc.volsmooth.fwhm = 4
llpipeline.inputs.preproc.surfsmooth.surface_fwhm = 5
llpipeline.inputs.preproc.surfsmooth.vol_fwhm = 4

23.2.8 Experimental paradigm specific components

Here we create a function that returns subject-specific information about the experimental paradigm. This is
used by the nipype.interfaces.spm.SpecifyModel to create the information necessary to generate
an SPM design matrix. In this tutorial, the same paradigm was used for every participant.
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def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']
for r in range (4):
onsets = [list(range (15, 240, 60)), list(range (45, 240, 60))]
output.insert (r,
Bunch (

conditions=names,
onsets=deepcopy (onsets),
durations=[[15] for s in names],

))

return output

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

contl = ('Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5])
cont2 = ('Task-0dd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -11])
contrasts = [contl, cont2]

23.2.9 Set up node specific inputs

We replicate the modelspec parameters separately for the surface- and volume-based analysis.

modelspecref = llpipeline.inputs.volanalysis.modelspec
modelspecref.input_units = 'secs'
modelspecref.time_repetition = 3.
modelspecref.high_pass_filter_cutoff = 120

modelspecref = llpipeline.inputs.surfanalysis.modelspec
modelspecref.input_units = 'secs'
modelspecref.time_repetition = 3.
modelspecref.high_pass_filter_cutoff = 120

lldesignref = llpipeline.inputs.volanalysis.levelldesign
lldesignref.timing_units = modelspecref.output_units
lldesignref.interscan_interval = modelspecref.time_repetition

lldesignref = llpipeline.inputs.surfanalysis.levelldesign
lldesignref.timing_units = modelspecref.output_units

lldesignref.interscan_interval = modelspecref.time_repetition

llpipeline.inputs.inputnode.contrasts = contrasts

23.2.10 Setup the pipeline

The nodes created above do not describe the flow of data. They merely describe the parameters used for each
function. In this section we setup the connections between the nodes such that appropriate outputs from nodes
are piped into appropriate inputs of other nodes.

Use the nipype.pipeline.engine.Workfow to create a graph-based execution pipeline for first level
analysis.
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levell = pe.Workflow (name="levell™)
levell . .base_dir = os.path.abspath('volsurf_tutorial/workingdir")

levell.connect ([
(infosource, datasource, [ ('subject_id', 'subject_id")]),
(datasource, llpipeline, [('func', 'inputnode.func')]),
(infosource, llpipeline, [('subject_id', 'inputnode.subject_id'"),
(('subject_id'"', subjectinfo),
'inputnode.session_info') 1),

1)

23.2.11 Store the output

Create a datasink node to store the contrast images and registration info

datasink = pe.Node (interface=nio.DataSink (), name="datasink")
datasink.inputs.base_directory = os.path.abspath('volsurf_tutorial/llout')
datasink.inputs.substitutions = []

def getsubs (subject_id):
subs = [('_subject_id_%s/' % subject_id, '')]
return subs

# store relevant outputs from various stages of the 1st level analysis

levell.connect ([ (infosource, datasink, [('subject_id', 'container'),
(('"subject_id'"', getsubs),
'substitutions') 1),

(llpipeline, datasink, [
('"surfanalysis.contrastestimate.con_images', 'contrasts'),
('preproc.surfregister.out_reg_file', 'registrations'),

IDRD

Run the analysis pipeline and also create a dot+png (if graphviz is available) rkflow.

if name == '_ _main

levell.run()
levell .write_graph (graph2use="'flat")

23.2.12 Level2 surface-based pipeline

Create a level2 workflow

12flow = pe.Workflow (name="'12out")
12flow.base_dir = os.path.abspath('volsurf_ tutorial')

Setup a dummy node to iterate over contrasts and hemispheres

12inputnode = pe.Node (

interface=util.IdentityInterface (fields=['contrasts', 'hemi']),
name="inputnode")
12inputnode.iterables = [('contrasts', list (range(l,

len (contrasts) + 1))),
("hemi', ['1lh', 'rh'])]

Use a datagrabber node to collect contrast images and registration files
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12source = pe.Node (
interface=nio.DataGrabber (infields=["'con_id'], outfields=['con', 'reg'l),
name="'12source")

12source.inputs.base_directory = os.path.abspath('volsurf_ tutorial/llout')

12source.inputs.template = 'x

12source.inputs.field_template = dict (

con="'x/contrasts/con_ .img', reg='x/registrations/«x.dat"')
12source.inputs.template_args = dict (con=[['con_id"']], reg=[[]])
12source.inputs.sort_filelist = True

12flow.connect (12inputnode, 'contrasts', l1l2source, 'con_id")

Merge contrast images and registration files

mergenode = pe.Node (interface=util.Merge (2, axis='hstack'), name='merge')

def ordersubjects(files, subj_list):
outlist = []
for s in subj_list:
for f in files:
if '/%s/' % s in f:

outlist.append(f)
continue

print (outlist)

return outlist

12flow.connect (12source, ('con', ordersubjects, subject_list), mergenode,
'inl')

12flow.connect (12source, ('reg', ordersubjects, subject_list), mergenode,
'in2")

Concatenate contrast images projected to fsaverage

l2concat = pe.Node (interface=fs.MRISPreproc(), name='concat')
l2concat.inputs.target = 'fsaverage'
12concat.inputs.fwhm = 5

def list2tuple(listoflist):
return [tuple(x) for x in listoflist]

12flow.connect (12inputnode, 'hemi', 1l2concat, 'hemi')
12flow.connect (mergenode, ('out', list2tuple), l2concat, 'vol_measure_file'")

Perform a one sample t-test

l2ttest = pe.Node(interface=fs.OneSampleTTest (), name='onesample')
12flow.connect (12concat, 'out_file', 1l2ttest, 'in_file'")

Run the analysis pipeline and also create a dot+png (if graphviz is available) that visually represents the work-
flow.

if  name == '_ main_
12flow.run()
12flow.write_graph (graph2use="'flat"')

Example source code
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You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 24

fMRI: FSL

A workflow that uses fsl to perform a first level analysis on the nipype tutorial data set:

python fmri_fsl.py

First tell python where to find the appropriate functions.

from _ future  import print_function
from _ future  import division

from builtins import str

from builtins import range

import os # system functions

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.fsl as fsl # fsl

import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import nipype.algorithms.modelgen as model # model generation
import nipype.algorithms.rapidart as ra # artifact detection

24.1 Preliminaries

Setup any package specific configuration. The output file format for FSL routines is being set to compressed
NIFTI.

fsl.FSLCommand.set_default_output_type ('NIFTI_GZ"'")

24.2 Setting up workflows

In this tutorial we will be setting up a hierarchical workflow for fsl analysis. This will demonstrate how pre-
defined workflows can be setup and shared across users, projects and labs.
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24.3 Setup preprocessing workflow

This is a generic fsl feat preprocessing workflow encompassing skull stripping, motion correction and smoothing
operations.

’preproc = pe.Workflow (name="'preproc")

Set up a node to define all inputs required for the preprocessing workflow

inputnode = pe.Node (
interface=util.IdentityInterface (fields=[
'func',
'struct',

1)

name="'inputspec')

Convert functional images to float representation. Since there can be more than one functional run we use a
MapNode to convert each run.

img2float = pe.MapNode (
interface=fsl.ImageMaths (
out_data_type='float', op_string='"', suffix='_dtype'),
iterfield=["'in_file'],
name="img2float")
preproc.connect (inputnode, 'func', img2float, 'in file')

Extract the middle volume of the first run as the reference

extract_ref = pe.Node(interface=fsl.ExtractROI (t_size=1), name='extractref')

Define a function to pick the first file from a list of files

def pickfirst (files):
if isinstance(files, list):
return files[0]
else:
return files

preproc.connect (img2float, ('out_file', pickfirst), extract_ref, 'in_file')

Define a function to return the 1 based index of the middle volume

def getmiddlevolume (func) :
from nibabel import load
from nipype.utils import NUMPY_MMAP

funcfile = func
if isinstance (func, list):
funcfile = func[0]
_+ _sr _, timepoints = load(funcfile, mmap=NUMPY_MMAP) .shape
return int (timepoints / 2) - 1
preproc.connect (inputnode, ('func', getmiddlevolume), extract_ref, 't_min'")

Realign the functional runs to the middle volume of the first run

motion_correct = pe.MapNode (
interface=fsl .MCFLIRT (save_mats=True, save_plots=True),
name='realign',
iterfield=["'in_file'])

(continues on next page)
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preproc.connect (img2float, 'out_file', motion_correct, 'in file')

preproc.connect (extract_ref, 'roi_file', motion_correct, 'ref file')

Plot the estimated motion parameters

plot_motion = pe.MapNode (
interface=fsl.PlotMotionParams (in_source="'fsl'),
name='plot_motion',
iterfield=["'in_file'])
plot_motion.iterables = ('plot_type', ['rotations', 'translations
preproc.connect (motion_correct, 'par_file', plot_motion, 'in file

D)
")

Extract the mean volume of the first functional run

meanfunc = pe.Node (
interface=fsl.ImageMaths (op_string='-Tmean', suffix='_mean'),
name="meanfunc')

preproc.connect (motion_correct, ('out_file', pickfirst), meanfunc, 'in file')

Strip the skull from the mean functional to generate a mask

meanfuncmask = pe.Node (
interface=fsl.BET (mask=True, no_output=True, frac=0.3),
name="'meanfuncmask")

preproc.connect (meanfunc, 'out_file', meanfuncmask, 'in_file')

Mask the functional runs with the extracted mask

maskfunc = pe.MapNode (
interface=fsl.ImageMaths (suffix='_bet', op_string='-mas'),
iterfield=["'in_file'],
name="maskfunc')
preproc.connect (motion_correct, 'out_file', maskfunc, 'in_file'")
preproc.connect (meanfuncmask, 'mask_file', maskfunc, 'in_file2")

Determine the 2nd and 98th percentile intensities of each functional run

getthresh = pe.MapNode (
interface=fsl.ImageStats (op_string='-p 2 -p 98'),
iterfield=["in_file'],
name='getthreshold")

preproc.connect (maskfunc, 'out_file', getthresh, 'in_file')

Threshold the first run of the functional data at 10% of the 98th percentile

threshold = pe.Node (

name="'threshold")

interface=fsl.ImageMaths (out_data_type='char', suffix='_thresh'),

preproc.connect (maskfunc, ('out_file', pickfirst), threshold, 'in_file')

Define a function to get 10% of the intensity

def getthreshop (thresh):
return '-thr -Tmin -bin' % (0.1 * thresh[0][1])

preproc.connect (getthresh, ('out_stat', getthreshop), threshold,

'op_string')

Determine the median value of the functional runs using the mask

24.3. Setup preprocessing workflow
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medianval = pe.MapNode (
interface=fsl.ImageStats (op_string='-k -p 50"),
iterfield=["'in_file'],
name='"medianval')
preproc.connect (motion_correct, 'out_file', medianval, 'in_file'")
preproc.connect (threshold, 'out_file', medianval, 'mask_file')

Dilate the mask

dilatemask = pe.Node (
interface=fsl.ImageMaths (suffix='_dil', op_string='-dilF'),
name="'dilatemask")

preproc.connect (threshold, 'out_file', dilatemask, 'in_file')

Mask the motion corrected functional runs with the dilated mask

maskfunc2 = pe.MapNode (
interface=fsl.ImageMaths (suffix='_mask', op_string='-mas'),
iterfield=["'in_file'],
name="'maskfunc2'")
preproc.connect (motion_correct, 'out_file', maskfunc2, 'in file')
preproc.connect (dilatemask, 'out_file', maskfunc2, 'in_file2")

Determine the mean image from each functional run

meanfunc2 = pe.MapNode (
interface=fsl.ImageMaths (op_string='-Tmean', suffix='_mean'),
iterfield=["in_file'],

name="'meanfunc2')
preproc.connect (maskfunc2, 'out_file', meanfunc2, 'in_file')

Merge the median values with the mean functional images into a coupled list

mergenode = pe.Node (interface=util.Merge (2, axis='hstack'), name='merge')
preproc.connect (meanfunc2, 'out_file', mergenode, 'inl'")
preproc.connect (medianval, 'out_stat', mergenode, 'in2')

Smooth each run using SUSAN with the brightness threshold set to 75% of the median value for each run and a
mask constituting the mean functional

smooth = pe.MapNode (
interface=fsl.SUSAN(),
iterfield=['in_file', 'brightness_threshold', 'usans'],
name="'"smooth')

Define a function to get the brightness threshold for SUSAN

def getbtthresh (medianvals) :
return [0.75 % val for val in medianvals]

def getusans (x) :
return [[tuple([val[0], 0.75 % val[l]])] for val in x]

preproc.connect (maskfunc2, 'out_file', smooth, 'in file'")

preproc.connect (medianval, ('out_stat', getbtthresh), smooth,
'brightness_threshold')
preproc.connect (mergenode, ('out', getusans), smooth, 'usans')

Mask the smoothed data with the dilated mask
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maskfunc3 = pe.MapNode (
interface=fsl.ImageMaths (suffix='_mask', op_string='-mas'),
iterfield=["'in_file'],
name="maskfunc3")
preproc.connect (smooth, 'smoothed_ file', maskfunc3, 'in_file')
preproc.connect (dilatemask, 'out_file', maskfunc3, 'in_file2")

Scale each volume of the run so that the median value of the run is set to 10000

intnorm = pe.MapNode (
interface=fsl.ImageMaths (suffix='_intnorm'),
iterfield=['in_file', 'op_string'],
name="'intnorm')

preproc.connect (maskfunc3, 'out_file', intnorm, 'in_ file')

Define a function to get the scaling factor for intensity normalization

def getinormscale (medianvals) :
return ['-mul "% (10000. / val) for val in medianvals]

preproc.connect (medianval, ('out_stat', getinormscale), intnorm, 'op_string')

Perform temporal highpass filtering on the data

highpass = pe.MapNode (
interface=fsl.ImageMaths (suffix='_tempfilt'),
iterfield=["in_file'],
name="'highpass")

preproc.connect (intnorm, 'out_file', highpass, 'in file')

Generate a mean functional image from the first run

meanfunc3 = pe.MapNode (
interface=fsl.ImageMaths (op_string='-Tmean', suffix='_mean'),
iterfield=['"in_file'],
name="'meanfunc3')

preproc.connect (highpass, ('out_file', pickfirst), meanfunc3, 'in_file')

Strip the structural image and coregister the mean functional image to the structural image

nosestrip = pe.Node (interface=fsl.BET (frac=0.3), name='nosestrip')
skullstrip = pe.Node (interface=£fsl.BET (mask=True), name='stripstruct')

coregister = pe.Node (interface=£fsl.FLIRT (dof=6), name='coregister')

Usenipype.algorithms.rapidart todetermine which of the images in the functional series are outliers
based on deviations in intensity and/or movement.

art = pe.MapNode (
interface=ra.ArtifactDetect (
use_differences=[True, False],
use_norm=True,
norm_threshold=1,
zintensity_threshold=3,
parameter_source='FSL',
mask_type='file'),
iterfield=['realigned_files', 'realignment_parameters'],
name="art")

(continues on next page)
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preproc.connect ([
(inputnode, nosestrip, [('struct', 'in_file')]),
(nosestrip, skullstrip, [('out_file', '"in_ file')]),
(skullstrip, coregister, [('out_file', 'in file')]),
(meanfunc2, coregister, [(('out_file', pickfirst), 'reference')]),
(motion_correct, art, [('par_file', 'realignment_parameters')]),
(maskfunc2, art, [('out_file', 'realigned_files')]),
(dilatemask, art, [('out_file', 'mask_file')]),
1)

24.4 Set up model fitting workflow

’modelfit = pe.Workflow(name="modelfit")

Use nipype.algorithms.modelgen.SpecifyModel to generate design information.

’modelspec = pe.Node (interface=model.SpecifyModel (), name="modelspec")

Use nipype.interfaces.fsl.LevellDesign to generate a run specific fsf file for analysis

’levelldesign = pe.Node (interface=fsl.LevellDesign (), name="levelldesign")

Use nipype.interfaces.fsl.FEATModel to generate a run specific mat file for use by FILMGLS

modelgen = pe.MapNode (
interface=fsl.FEATModel (),
name='"modelgen',
iterfield=["fsf_file', 'ev_files'])

Use nipype.interfaces.fsl.FILMGLS to estimate a model specified by a mat file and a functional run

modelestimate = pe.MapNode (
interface=fsl.FILMGLS (smooth_autocorr=True, mask_size=5, threshold=1000),
name='modelestimate',
iterfield=['design_file', 'in_file'])

Use nipype.interfaces.fsl.ContrastMgr to generate contrast estimates

conestimate = pe.MapNode (
interface=fsl.ContrastMgr (),
name='conestimate"',
iterfield=]
'tcon_file', 'param_estimates', 'sigmasquareds', 'corrections',
'dof_file'
1)

modelfit.connect ([

(modelspec, levelldesign, [('session_info', 'session_info')]),

(levelldesign, modelgen, [('fsf_files', 'fsf_ file'), ('ev_files',
'ev_files')]1),

(modelgen, modelestimate, [('design_file', 'design_file')]),

(modelgen, conestimate, [('con_file', 'tcon_file'")]),

(modelestimate, conestimate,

[ ('param_estimates', 'param_estimates'), ('sigmasquareds',

'sigmasquareds'),
('corrections', 'corrections'), ('dof_file', 'dof_file')]),

338 Chapter 24. fMRI: FSL




nipype Documentation, Release 1.1.0

24.5 Set up fixed-effects workflow

’fixed_fx pe.Workflow (name="'fixedfx")

Use nipype.interfaces.fsl.Merge to merge the copes and varcopes for each condition

copemerge pe .MapNode (
interface=fsl.Merge (dimension='t"),
iterfield=["'in_files'],
name="copemerge")

varcopemerge pe.MapNode (
interface=fsl.Merge (dimension='t"),
iterfield=["'in_files'],

name="varcopemerge")

Use nipype.interfaces.fsl.L2Model to generate subject and condition specific level 2 model design

files

level2model pe.Node (interface=fsl.L2Model (),

name="'12model")

Use nipype.interfaces.fsl.FLAMEO to estimate a second level model

flameo pe .MapNode (
interface=fsl.FLAMEO (run_mode="'fe'),
name="flameo",
iterfield=["'cope_file', 'var_cope_file'])

fixed_fx.connect ([

('design_con',

(copemerge, flameo, [('merged_ _file', 'cope_file')]),
(varcopemerge, flameo, [('merged_file', 'var_cope_file')]),
(level2model, flameo, [('design_mat', 'design_file'"),

't_con_file'"),

('design_grp"',
'cov_split_file')1),

24.6 Set up first-level workflow

def sort_copes(files):
len(files[0])

numelements =
outfiles []
for i in range (numelements) :
outfiles.insert (i, [1])
for j, elements in enumerate(files):
outfiles[i].append(elements([i])
return outfiles

def num_copes(files):

return len(files)

firstlevel = pe.Workflow (name='firstlevel')
firstlevel.connect (
[ (preproc, modelfit, [('highpass.out_file',

('art.outlier_files',

'modelspec.functional_runs'),
'modelspec.outlier_files'),

(continues on next page)
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("highpass.out_file', 'modelestimate.in_file')]),
(preproc, fixed_ fx,

[ ('coregister.out_file', 'flameo.mask_file')]), (modelfit, fixed_fx, [
(('conestimate.copes', sort_copes), 'copemerge.in_ files'),
(('conestimate.varcopes', sort_copes), 'varcopemerge.in_files'),
(('conestimate.copes', num_copes), 'l2model.num_copes'),

1)

24.7 Experiment specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
named struct.nii.

Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (struct or func). These fields become the output fields of the datasource node in the pipeline.

In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a template ‘%s.nii’.
So ‘f3’ would become ‘f3.nii’.

# Specify the location of the data.

data_dir = os.path.abspath('data')

# Specify the subject directories
subject_list = ['sl'] # , 's3']

# Map field names to individual subject runs.

info = dict (
func=[['subject_id', ['£3', 'f£5', 'f£7', 'f10'111,
struct=[['"'subject_id', 'struct']l])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

Now we create a nipype.interfaces.io.DataSource object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['subject_1id'], outfields=['func', 'struct']),
name="'datasource')
datasource.inputs.base_directory = data_dir

datasource.inputs.template = '$s/¢s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

Use the get_node function to retrieve an internal node by name. Then set the iterables on this node to perform
two different extents of smoothing.

smoothnode = firstlevel.get_node('preproc.smooth')
assert (str(smoothnode) == 'preproc.smooth')

(continues on next page)
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smoothnode.iterables = ('fwhm', [5., 10.1])

hpcutoff = 120

TR = 3. # ensure float
firstlevel.inputs.preproc.highpass.suffix = '_hpf'
firstlevel.inputs.preproc.highpass.op_string = '-bptf -1'" %

(hpcutoff / TR)

Setup a function that returns subject-specific information about the experimental paradigm. This is used by
the nipype.interfaces.spm. SpecifyModel to create the information necessary to generate an SPM
design matrix. In this tutorial, the same paradigm was used for every participant. Other examples of this function

are available in the doc/examples folder. Note: Python knowledge required here.

def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']
for r in range(4):
onsets = [list(range (15, 240, 60)), list(range (45, 240,
output.insert (r,
Bunch (

conditions=names,
onsets=deepcopy (onsets),
durations=[[15] for s in names],
amplitudes=None,
tmod=None,
pmod=None,
regressor_names=None,
regressors=None) )

return output

60))]

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition

names must match the names listed in the subjectinfo function described above.

contl = ['Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5,
cont2 = ['Task-0Odd>Task-Even', 'T', ['Task-0dd', 'Task-Even'],

cont3 = ['Task', 'F', [contl, cont2]]
contrasts = [contl, cont2]
firstlevel.inputs.modelfit.modelspec.input_units = 'secs'

firstlevel.inputs.modelfit.modelspec.time_repetition = TR
firstlevel.inputs.modelfit .modelspec.high_pass_filter_cutoff =

firstlevel.inputs.modelfit.levelldesign.interscan_interval = TR
firstlevel.inputs.modelfit.levelldesign.bases = {'dgamma': {'de
firstlevel.inputs.modelfit.levelldesign.contrasts = contrasts

firstlevel.inputs.modelfit.levelldesign.model_serial_correlatio

0.5]1]
(1, -111

hpcutoff

rivs': False}}

ns = True

24.7.1 Set up complete workflow

llpipeline = pe.Workflow(name="levell")
llpipeline.base_dir = os.path.abspath('./fsl/workingdir")
llpipeline.config = {

"execution": {

(continues on next page)

24.7. Experiment specific components

341




nipype Documentation, Release 1.1.0

(continued from previous page)

"crashdump_dir": os.path.abspath('./fsl/crashdumps"')

llpipeline.connect ([

(infosource, datasource, [('subject_id', 'subject_id")]1),
(infosource, firstlevel, [(('subject_id', subjectinfo),
'modelfit.modelspec.subject_info')]),

(datasource, firstlevel, [
("struct', 'preproc.inputspec.struct'),
('func', 'preproc.inputspec.func'),
1)y
1)

24.8 Execute the pipeline

The code discussed above sets up all the necessary data structures with appropriate parameters and the con-
nectivity between the processes, but does not generate any output. To actually run the analysis on the data the
nipype.pipeline.engine.Pipeline.Run function needs to be called.

if name == '__main

llpipeline.write_graph ()
outgraph = llpipeline.run{()
# llpipeline.run(plugin='MultiProc', plugin_args={'n_procs':2})

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 25

fMRI: FEEDS - FSL

A pipeline example that data from the FSL FEEDS set. Single subject, two stimuli.
You can find it at http://www.fmrib.ox.ac.uk/fsl/feeds/doc/index.html

from _ future  import division
from builtins import range

import os # system functions
from nipype.interfaces import io as nio # Data i/o
from nipype.interfaces import utility as niu # Utilities
from nipype.interfaces import fsl # fsl
from nipype.pipeline import engine as pe # pypeline engine
from nipype.algorithms import modelgen as model # model generation
from nipype.workflows.fmri.fsl import (
create_featreg_preproc, create_modelfit_workflow, create_reg_workflow)
from nipype.interfaces.base import Bunch

25.1 iminaries

Setup any package specific configuration. The output file format for FSL routines is being set to compressed
NIFTI.

fsl.FSLCommand.set_default_output_type ('NIFTI_GZ"'")

25.2 Experiment specific components

This tutorial does a single subject analysis so we are not using infosource and iterables

# Specify the location of the FEEDS data. You can find it at http://www.fmrib.ox.
—ac.uk/fsl/feeds/doc/index.html

inputnode = pe.Node (
niu.IdentityInterface(fields=["'in_data']), name='inputnode')
# Specify the subject directories

(continues on next page)
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# Map field names to individual subject runs.
info = dict (func=[['fmri']], struct=[['structural']l])

Now we create a nipype.interfaces.io.DataSource object and fill in the information from above
about the layout of our data. The nipype .pipeline.Node module wraps the interface object and provides
additional housekeeping and pipeline specific functionality.

datasource = pe.Node (

interface=nio.DataGrabber (outfields=["'func', 'struct']), name='datasource')
datasource.inputs.template = 'feeds/data/%s.nii.gz'
datasource.inputs.template_args = info

datasource.inputs.sort_filelist = True

preproc = create_featreg_preproc (whichvol="'first")
TR = 3.

preproc.inputs.inputspec.fwhm = 5
preproc.inputs.inputspec.highpass = 100. / TR

modelspec = pe.Node (interface=model.SpecifyModel (), name="modelspec")
modelspec.inputs.input_units = 'secs'
modelspec.inputs.time_repetition = TR
modelspec.inputs.high_pass_filter_cutoff = 100
modelspec.inputs.subject_info = [
Bunch (
conditions=["'Visual', 'Auditory'],
onsets=[
list (range (0, int (180 % TR), 60)),
list (range (0, int (180 % TR), 90))
] r
durations=[[30], [45]11],
amplitudes=None,
tmod=None,
pmod=None,
regressor_names=None,
regressors=None)

modelfit = create_modelfit_workflow (f_contrasts=True)
modelfit.inputs.inputspec.interscan_interval = TR
modelfit.inputs.inputspec.model_serial_correlations = True
modelfit.inputs.inputspec.bases = {'dgamma': {'derivs': True}}
contl = ['Visual>Baseline', 'T', ['Visual', 'Auditory'l, [1, 0]]

cont2 = ['Auditory>Baseline', 'T', ['Visual', 'Auditory'l, [0, 1]]
cont3 = ['Task', 'F', [contl, cont2]]

modelfit.inputs.inputspec.contrasts = [contl, cont2, cont3]

registration = create_reg_workflow()

registration.inputs.inputspec.target_image = fsl.Info.standard_image (
'MNI152_T1_2mm.nii.gz'")

registration.inputs.inputspec.target_image_brain = fsl.Info.standard_image (
'MNI152_T1_2mm_brain.nii.gz")

registration.inputs.inputspec.config_file = 'T1_2 MNI152 2mm'
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25.2.1 Set up complete workflow

llpipeline = pe.Workflow(name="levell")
llpipeline.base_dir = os.path.abspath('./fsl feeds/workingdir")
llpipeline.config = {
"execution": {
"crashdump_dir": os.path.abspath('./fsl_ feeds/crashdumps")

llpipeline.connect (inputnode, 'in_data', datasource, 'base_directory')

llpipeline.connect (datasource, 'func', preproc, 'inputspec.func')

llpipeline.connect (preproc, 'outputspec.highpassed_files', modelspec,
'functional_runs')

llpipeline.connect (preproc, 'outputspec.motion_ parameters', modelspec,
'realignment_parameters')

llpipeline.connect (modelspec, 'session_info', modelfit,
'inputspec.session_info')

llpipeline.connect (preproc, 'outputspec.highpassed files', modelfit,
'inputspec.functional_data')

llpipeline.connect (preproc, 'outputspec.mean', registration,
'inputspec.mean_image")

llpipeline.connect (datasource, 'struct', registration,
'inputspec.anatomical_image"')

llpipeline.connect (modelfit, 'outputspec.zfiles', registration,
'inputspec.source_files')

Setup the datasink

datasink = pe.Node (
interface=nio.DataSink (parameterization=False), name="datasink")
datasink.inputs.base_directory = os.path.abspath('./fsl_feeds/llout')
datasink.inputs.substitutions = [
("fmri_dtype_mcf_mask_smooth_mask_gms_mean_warp', 'meanfunc')
]
# store relevant outputs from various stages of the 1st level analysis
llpipeline.connect (registration, 'outputspec.transformed files', datasink,
'levell.@Qz"')
llpipeline.connect (registration, 'outputspec.transformed mean', datasink,
'meanfunc')

25.3 Execute the pipeline

The code discussed above sets up all the necessary data structures with appropriate parameters and the con-
nectivity between the processes, but does not generate any output. To actually run the analysis on the data the
nipype.pipeline.engine.Pipeline.Run function needs to be called.

if name == '__main__ ':

llpipeline.inputs.inputnode.in_data = os.path.abspath('feeds/data')
llpipeline.run{()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 20

fMRI: FSL reuse workflows

A workflow that uses fsl to perform a first level analysis on the nipype tutorial data set:

python fmri_fsl_reuse.py

First tell python where to find the appropriate functions.

from _ future  import print_function
from _ future  import division

from builtins import str

from builtins import range

import os # system functions

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.fsl as fsl # fsl

from nipype.interfaces import utility as niu # Utilities
import nipype.pipeline.engine as pe # pypeline engine

import nipype.algorithms.modelgen as model # model generation
import nipype.algorithms.rapidart as ra # artifact detection

from nipype.workflows.fmri.fsl import (create_featreg_preproc,
create_modelfit_workflow,
create_fixed_effects_flow)

26.1 Preliminaries

Setup any package specific configuration. The output file format for FSL routines is being set to compressed
NIFTIL

fsl.FSLCommand.set_default_output_type ('NIFTI_GZ")
levell _workflow = pe.Workflow(name='levellflow'")
preproc = create_featreg_preproc(whichvol="'first")

modelfit = create_modelfit_workflow ()

(continues on next page)
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fixed_fx = create_fixed effects_flow()

Add artifact detection and model specification nodes between the preprocessing and modelfitting workflows.

art = pe.MapNode (
ra.ArtifactDetect (
use_differences=[True, False],
use_norm=True,
norm_threshold=1,
zintensity_threshold=3,
parameter_source='FSL',
mask_type='file'),
iterfield=['realigned_files', 'realignment_parameters', 'mask_file'],
name="art")

modelspec = pe.Node (model.SpecifyModel (), name="modelspec™)
levell_workflow.connect (

[ (preproc, art,
[ ('outputspec.motion_parameters', 'realignment_parameters'),

('outputspec.realigned_files', 'realigned_files'), ('outputspec.mask',
'mask_file")1),
(preproc, modelspec, [ ('outputspec.highpassed_files', 'functional runs'),
('outputspec.motion_parameters',
'realignment_parameters')]), (art, modelspec,

[('outlier_files',
'outlier_files')]1),
(modelspec, modelfit, [('session_info', 'inputspec.session_info')]),
(preproc, modelfit, [('outputspec.highpassed_files',
'inputspec.functional_data')])1])

26.2 Set up first-level workflow

def sort_copes(files):

numelements = len(files[0])

outfiles = []

for i in range (numelements) :
outfiles.insert (i, [])
for j, elements in enumerate(files):

outfiles[i].append(elements[i])
return outfiles

def num_copes (files):
return len(files)

pickfirst = lambda x: x[0]

levell_workflow.connect (
[ (preproc, fixed_fx, [(('outputspec.mask', pickfirst),
'flameo.mask_file')]),
(modelfit, fixed_fx, [
(('outputspec.copes', sort_copes), 'inputspec.copes'),
('outputspec.dof_file', 'inputspec.dof_files'),

(continues on next page)
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(('outputspec.varcopes', sort_copes), 'inputspec.varcopes'),
(('outputspec.copes', num_copes), 'l2model.num_copes'),

nn

26.3 Experiment specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
named struct.nii.

Below we set some variables to inform the datasource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (struct or func). These fields become the output fields of the datasource node in the pipeline.

In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a template ‘%s.nii’.
So ‘f3’ would become ‘f3.nii’.

inputnode = pe.Node (
niu.IdentityInterface(fields=['in_data']), name='inputnode')

# Specify the subject directories

subject_list = ['sl'] # , 's3'"]

# Map field names to individual subject runs.

info = dict (
func=[["'subject_id', ['£3', '£5', 'f£7', '£10'111,
struct=[["'subject_id', 'struct']])

infosource = pe.Node (
niu.IdentityInterface(fields=["'subject_id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

Now we create a nipype.interfaces.io.DataSource object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
nio.DataGrabber (infields=["'subject_id'], outfields=['func', 'struct']),
name="'datasource")
datasource.inputs.template = 'nipype-tutorial/data/%s/%s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

Use the get_node function to retrieve an internal node by name. Then set the iterables on this node to perform
two different extents of smoothing.

featinput = levell_workflow.get_node ('featpreproc.inputspec')
featinput.iterables = ('fwhm', [5., 10.])

hpcutoff = 120.
TR = 3.
featinput.inputs.highpass = hpcutoff / (2. % TR)

Setup a function that returns subject-specific information about the experimental paradigm. This is used by
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the nipype.modelgen. SpecifyModel to create the information necessary to generate an SPM design
matrix. In this tutorial, the same paradigm was used for every participant. Other examples of this function are
available in the doc/examples folder. Note: Python knowledge required here.

def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']
for r in range (4):
onsets = [list(range (15, 240, 60)), list(range (45, 240, 60))]
output.insert (r,
Bunch (

conditions=names,

onsets=deepcopy (onsets),

durations=[[15] for s in names]))
return output

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

contl = ['Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5]]

cont2 = ['Task-0Odd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -1]]
cont3 = ['Task', 'F', [contl, cont2]]

contrasts = [contl, cont2]

modelspec.inputs.input_units = 'secs'

modelspec.inputs.time_repetition = TR
modelspec.inputs.high_pass_filter_cutoff = hpcutoff

modelfit.inputs.inputspec.interscan_interval = TR
modelfit.inputs.inputspec.bases = {'dgamma': {'derivs': False}}
modelfit.inputs.inputspec.contrasts = contrasts
modelfit.inputs.inputspec.model_serial_correlations = True

modelfit.inputs.inputspec.film_threshold = 1000
levell_workflow.base_dir = os.path.abspath('./fsl/workingdir'")
levell _workflow.config['execution'] = dict(

crashdump_dir=os.path.abspath('./fsl/crashdumps'))

levell_workflow.connect ([

(inputnode, datasource, [('in_data', 'base_directory')]),

(infosource, datasource, [('subject_id', 'subject_id")]),

(infosource, modelspec, [(('subject_id', subjectinfo), 'subject_info')]),
(datasource, preproc, [('func', 'inputspec.func')]),

1

26.4 Execute the pipeline

The code discussed above sets up all the necessary data structures with appropriate parameters and the con-
nectivity between the processes, but does not generate any output. To actually run the analysis on the data the
nipype.pipeline.engine.Pipeline.Run function needs to be called.

if name == '__main '

# levell workflow.write graph ()

(continues on next page)
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levell _workflow.run ()
# levell workflow.run (plugin="'MultiProc', plugin_args={'n_procs':2})

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.

26.4. Execute the pipeline 351



nipype Documentation, Release 1.1.0

352 Chapter 26. fMRI: FSL reuse workflows



CHAPTER 27

fMRI: NiPy GLM, SPM

The fmri_nipy_glm.py integrates several interfaces to perform a first level analysis on a two-subject data set.
It is very similar to the spm_tutorial with the difference of using nipy for fitting GLM model and estimating
contrasts. The tutorial can be found in the examples folder. Run the tutorial from inside the nipype tutorial
directory:

python

fmri_nipy_glm.py

from

future  import print_function

from builtins import str
from builtins import range

from nipype.interfaces.nipy.model import FitGLM, EstimateContrast
from nipype.interfaces.nipy.preprocess import ComputeMask

Import necessary modules from nipype.

import
import
import
import
import
import
import
import

nipype.interfaces.io as nio # Data i/o
nipype.interfaces.spm as spm # spm
nipype.interfaces.matlab as mlab # how to run matlab
nipype.interfaces.utility as util # utility
nipype.pipeline.engine as pe # pypeline engine
nipype.algorithms.rapidart as ra # artifact detection
nipype.algorithms.modelgen as model # model specification
os # system functions

27.1 Preliminaries

Set any package specific configuration. The output file format for FSL routines is being set to uncompressed
NIFTI and a specific version of matlab is being used. The uncompressed format is required because SPM does
not handle compressed NIFTIL.

# Set the way matlab should be called
mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop -nosplash")

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
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named struct.nii. Below we set some variables to inform the datasource about the layout of our data. We
specify the location of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic
(or field) for the run type (st ruct or func). These fields become the output fields of the datasource node
in the pipeline. In the example below, run ‘3’ is of type ‘func’ and gets mapped to a nifti filename through a
template ‘%s.nii’. So ‘f3” would become

# Specify the location of the data.

data_dir = os.path.abspath('data')

# Specify the subject directories

subject_list = ['sl']

# Map field names to individual subject runs.

info = dict(
func=[['subject_id', ['£3', 'f£5', 'f£7', 'f10'111,
struct=[['subject_id"', 'struct']])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

27.2 Preprocessing pipeline nodes

Now we create a nipype.interfaces.io.DataSource object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['subject_id'], outfields=['func', 'struct']l),
name="'datasource')
datasource.inputs.base_directory = data_dir

datasource.inputs.template = '$s/¢s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

Usenipype.interfaces.spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (interface=spm.Realign (), name="realign")
realign.inputs.register_to_mean = True

compute_mask = pe.Node (interface=ComputeMask (), name="compute_mask")

Usenipype.algorithms.rapidart todetermine which of the images in the functional series are outliers
based on deviations in intensity or movement.

art = pe.Node (interface=ra.ArtifactDetect (), name="art")
art.inputs.use_differences = [True, False]
art.inputs.use_norm = True

art.inputs.norm_threshold = 1
art.inputs.zintensity_threshold = 3
art.inputs.mask_type = 'file'
art.inputs.parameter_source = 'SPM'
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Use nipype.interfaces.spm.Coregister to perform a rigid body registration of the functional data
to the structural data.

coregister = pe.Node (interface=spm.Coregister (), name="coregister")
coregister.inputs. jobtype = 'estimate'

Smooth the functional data using nipype.interfaces.spm.Smooth.

smooth = pe.Node (interface=spm.Smooth (), name="smooth")
smooth.inputs.fwhm = 4

27.3 Set up analysis components

Here we create a function that returns subject-specific information about the experimental paradigm. This is
used by the nipype.interfaces.spm.SpecifyModel to create the information necessary to generate
an SPM design matrix. In this tutorial, the same paradigm was used for every participant.

def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']
for r in range (4):
onsets = [list (range (15, 240, 60)), list(range (45, 240, 60))]
output.insert (r,
Bunch (

conditions=names,
onsets=deepcopy (onsets),
durations=[[15] for s in names],
amplitudes=None,

tmod=None,

pmod=None,

regressor_names=None,
regressors=None) )

return output

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

contl = ('Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5])
cont2 = ('Task-0dd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -11])
contrasts = [contl, cont2]

Generate design information using nipype.interfaces. spm.SpecifyModel. nipy accepts only de-
sign specified in seconds so “output_units” has always have to be set to “secs”.

modelspec = pe.Node (interface=model.SpecifySPMModel (), name="modelspec")
modelspec.inputs.concatenate_runs = True

modelspec.inputs.input_units = 'secs'
modelspec.inputs.output_units = 'secs'
modelspec.inputs.time_repetition = 3.

modelspec.inputs.high_pass_filter_cutoff = 120

Fit the GLM model using nipy and ordinary least square method
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model_estimate = pe.Node (interface=FitGLM (), name="model estimate")
model_estimate.inputs.TR = 3.

model_estimate.inputs.model = "spherical"
model_estimate.inputs.method = "ols"

Estimate the contrasts. The format of the contrasts definition is the same as for FSL and SPM

contrast_estimate = pe.Node (
interface=EstimateContrast (), name="contrast_estimate™)

contl = ('Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5])
cont2 = ('Task-0dd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -11])
contrast_estimate.inputs.contrasts = [contl, cont2]

27.4 Setup the pipeline

The nodes created above do not describe the flow of data. They merely describe the parameters used for each
function. In this section we setup the connections between the nodes such that appropriate outputs from nodes
are piped into appropriate inputs of other nodes.

Use the nipype.pipeline.engine.Pipeline to create a graph-based execution pipeline for first level
analysis. The config options tells the pipeline engine to use workdir as the disk location to use when running
the processes and keeping their outputs. The use_parameterized_dirs tells the engine to create sub-directories
under workdir corresponding to the iterables in the pipeline. Thus for this pipeline there will be subject specific
sub-directories.

The nipype.pipeline.engine.Pipeline.connect function creates the links between the processes,
i.e., how data should flow in and out of the processing nodes.

llpipeline = pe.Workflow(name="levell")
llpipeline.base_dir = os.path.abspath('nipy_tutorial/workingdir')

llpipeline.connect (

[ (infosource, datasource, [('subject_id', 'subject_id")]),
(datasource, realign, [('func', 'in_files')]), (realign, compute_mask, [
('mean_image', 'mean_volume')
1), (realign, coregister, [('mean_image', 'source'),

('realigned_files',
'apply_to_files')]), (datasource, coregister,
[('"struct', 'target')l]),
(coregister, smooth,
[ ("coregistered_files', 'in_files')]), (realign, modelspec, [
('realignment_parameters', 'realignment_parameters')
1), (smooth, modelspec,
[ ("smoothed_files', 'functional_runs')]), (realign, art, [
('realignment_parameters', 'realignment_parameters')
1), (coregister, art, [('coregistered files', 'realigned_ files')]),
(compute_mask, art, [('brain_mask', 'mask_file')]), (art, modelspec, [
('outlier_files', 'outlier_files')
1), (infosource, modelspec, [
(("subject_id", subjectinfo), "subject_info")
1), (modelspec, model_estimate,
[('session_info', 'session_info')]), (compute_mask, model_estimate,
[('"brain_mask', 'mask')]),
(model_estimate, contrast_estimate,
[ ("beta", "beta"), ("nvbeta", "nvbeta"), ("s2", "s2"), ("dof", "dof"),
("axis", "axis"), ("constants", "constants"), ("reg_names",
"reg_names")1)1)

(continues on next page)
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if name == '__ _main '

llpipeline.run{()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 28

fMRI: Coregistration - Slicer, BRAINS

This is currently not working and will raise an exception in release 0.3. It will be fixed in a later release:

python fmri_slicer_coregistration.py

# raise RuntimeWarning, 'Slicer not fully implmented’
from nipype.interfaces.slicer import BRAINSFit, BRAINSResample

Import necessary modules from nipype.

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.utility as util # utility
import nipype.pipeline.engine as pe # pypeline engine
import os # system functions

28.1 Preliminaries

Confirm package dependencies are installed. (This is only for the tutorial, rarely would you put this in your own
code.)

from nipype.utils.misc import package_check

package_check ('numpy', '1.3', 'tutoriall')
package_check ('scipy', '0.7', 'tutoriall')
package_check ('"IPython', '0.10', 'tutoriall')

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
named struct.nii.

Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (struct or func). These fields become the output fields of the datasource node in the pipeline.

In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a template ‘%s.nii’.
So ‘3’ would become ‘f3.nii’.

# Specify the location of the data.
data_dir = os.path.abspath('data')

(continues on next page)
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# Specify the subject directories

subject_list = ['sl', 's3'"]

# Map field names to individual subject runs.

info = dict (func=[['subject_id', '£f3']], struct=[['subject_id', 'struct']])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

28.2 Preprocessing pipeline nodes

Now we create a nipype.interfaces.io.DataSource object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'], outfields=['func', 'struct']),
name="'datasource')
datasource.inputs.base_directory = data_dir

datasource.inputs.template = '¢s/%s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

coregister = pe.Node (interface=BRAINSFit (), name="coregister")
coregister.inputs.outputTransform = True
coregister.inputs.outputVolume = True
coregister.inputs.transformType = ["Affine"]

reslice = pe.Node (interface=BRAINSResample (), name="reslice")
reslice.inputs.outputVolume = True

pipeline = pe.Workflow (name="pipeline")
pipeline.base_dir = os.path.abspath('slicer_ tutorial/workingdir'")

pipeline.connect ([ (infosource, datasource, [('subject_id', 'subject_id')1),
(datasource, coregister, [('func', 'movingVolume')]),
(datasource, coregister,
[("struct', 'fixedVolume')]), (coregister, reslice, [
('outputTransform', 'warpTransform')

1), (datasource, reslice, [('func', 'inputVolume')]),
(datasource, reslice, [('struct', 'referenceVolume')])])
if _ name_ == '_ _main_ ':

pipeline.run()
pipeline.write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
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the Nipype source distribution under the examples directory.
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CHAPTER 29

fMRI: SPM, FSL

The fmri_spm.py integrates several interfaces to perform a first and second level analysis on a two-subject data
set. The tutorial can be found in the examples folder. Run the tutorial from inside the nipype tutorial directory:

python fmri_spm.py

Import necessary modules from nipype.

from _ future  import print_function
from builtins import str
from builtins import range

import os # system functions

from nipype import config
# config.enable_provenance ()

from nipype.interfaces import spm, fsl

# In order to use this example with SPM's matlab common runtime

# matlab_cmd = ('/Users/satra/Downloads/spm8/run_spm8.sh '

# '/Applications/MATLAB/MATLAB _Compiler_Runtime/v713/ script')
# spm.SPMCommand.set_mlab_paths (matlab_cmd=matlab_cmd, use_mcr=True)

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import nipype.algorithms.rapidart as ra # artifact detection
import nipype.algorithms.modelgen as model # model specification
import nipype.interfaces.matlab as mlab

29.1 Preliminaries

Set any package specific configuration. The output file format for FSL routines is being set to uncompressed
NIFTT and a specific version of matlab is being used. The uncompressed format is required because SPM does
not handle compressed NIFTI.
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# Tell fsl to generate all output in uncompressed nifti format
fsl.FSLCommand.set_default_output_type ('NIFTI")

# Set the way matlab should be called
# import nipype.interfaces.matlab as mlab # how to run matlab
# mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop -nosplash")

# In case a different path is required
# mlab.MatlabCommand.set_default_paths ('/software/matlab/spml2b/spml2b_r5918")

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
named struct.nii. Below we set some variables to inform the datasource about the layout of our data. We
specify the location of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic
(or field) for the run type (st ruct or func). These fields become the output fields of the datasource node
in the pipeline. In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a
template ‘%s.nii’. So ‘f3” would become

# Specify the location of the data.

data_dir = os.path.abspath('data')

# Specify the subject directories

subject_list = ['sl', 's3'"]

# Map field names to individual subject runs.

info = dict(
func=[["'subject_id', ['£f3', '£5', 'f£7', 'f10']11],
struct=[['subject_id', 'struct']])

infosource = pe.Node (
interface=util.IdentityInterface (fields=["'subject_1id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

29.2 Preprocessing pipeline nodes

Now we create a nipype.interfaces.io.DataSource object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=["'subject_id'], outfields=['func', 'struct']),
name='"datasource')
datasource.inputs.base_directory = data_dir

datasource.inputs.template = '¢s/%s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

Usenipype.interfaces.spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (interface=spm.Realign (), name="realign")
realign.inputs.register_to_mean = True
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Usenipype.algorithms.rapidart todetermine which of the images in the functional series are outliers
based on deviations in intensity or movement.

art = pe.Node (interface=ra.ArtifactDetect (), name="art")
art.inputs.use_differences = [True, False]
art.inputs.use_norm = True

art.inputs.norm_threshold = 1
art.inputs.zintensity_threshold = 3
art.inputs.mask_type = 'file'
art.inputs.parameter_source = 'SPM'

Skull strip structural images using nipype.interfaces.fsl.BET.

skullstrip = pe.Node (interface=£fsl.BET (), name="skullstrip")
skullstrip.inputs.mask = True

Use nipype.interfaces.spm.Coregister to perform a rigid body registration of the functional data
to the structural data.

coregister = pe.Node (interface=spm.Coregister (), name="coregister")
coregister.inputs. jobtype = 'estimate'

Warp functional and structural data to SPM’s T1 template using nipype.interfaces.spm.Normalize.
The tutorial data set includes the template image, T1.nii.

normalize = pe.Node (interface=spm.Normalize (), name="normalize™)
normalize.inputs.template = os.path.abspath('data/Tl.nii'")

Smooth the functional data using nipype.interfaces.spm.Smooth.

smooth = pe.Node (interface=spm.Smooth (), name="smooth")
fwhmlist = [4]
smooth.iterables = ('fwhm', fwhmlist)

29.3 Set up analysis components

Here we create a function that returns subject-specific information about the experimental paradigm. This is
used by the nipype.interfaces.spm.SpecifyModel to create the information necessary to generate
an SPM design matrix. In this tutorial, the same paradigm was used for every participant.

def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']
for r in range(4):
onsets = [list(range (15, 240, 60)), list(range (45, 240, 60))]
output.insert (r,
Bunch (

conditions=names,

onsets=deepcopy (onsets),

durations=[[15] for s in names]))
return output

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.
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contl = ('Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5])
cont2 = ('Task-0dd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -11])
contrasts = [contl, cont2]

Generate SPM-specific design information using nipype.interfaces.spm. SpecifyModel.

modelspec = pe.Node (interface=model.SpecifySPMModel (), name="modelspec")
modelspec.inputs.concatenate_runs = False

modelspec.inputs.input_units = 'secs'
modelspec.inputs.output_units = 'secs'
modelspec.inputs.time_repetition = 3.

modelspec.inputs.high_pass_filter_cutoff = 120

Generate a first level SPM.mat file for analysis nipype.interfaces.spm.LevellDesign.

levelldesign = pe.Node (interface=spm.LevellDesign (), name="levelldesign")
levelldesign.inputs.timing _units = modelspec.inputs.output_units
levelldesign.inputs.interscan_interval = modelspec.inputs.time_repetition
levelldesign.inputs.bases = {'hrf': {'derivs': [0, 0]}}

Use nipype.interfaces.spm.EstimateModel to determine the parameters of the model.

levellestimate = pe.Node (interface=spm.EstimateModel (), name="levellestimate")
levellestimate.inputs.estimation_method = {'Classical': 1}

Use nipype.interfaces.spm.EstimateContrast to estimate the first level contrasts specified in a
few steps above.

contrastestimate = pe.Node (
interface=spm.EstimateContrast (), name="contrastestimate")

contrastestimate.inputs.contrasts = contrasts
contrastestimate.overwrite = True
contrastestimate.config = {'execution': {'remove_unnecessary_outputs': False}}

29.4 Setup the pipeline

The nodes created above do not describe the flow of data. They merely describe the parameters used for each
function. In this section we setup the connections between the nodes such that appropriate outputs from nodes
are piped into appropriate inputs of other nodes.

Use the nipype.pipeline.engine.Pipeline to create a graph-based execution pipeline for first level
analysis. The config options tells the pipeline engine to use workdir as the disk location to use when running
the processes and keeping their outputs. The use_parameterized_dirs tells the engine to create sub-directories
under workdir corresponding to the iterables in the pipeline. Thus for this pipeline there will be subject specific
sub-directories.

The nipype.pipeline.engine.Pipeline.connect function creates the links between the processes,
i.e., how data should flow in and out of the processing nodes.

llpipeline = pe.Workflow(name="levell")
llpipeline.base_dir = os.path.abspath('spm_tutorial/workingdir")

llpipeline.connect ([

(infosource, datasource, [ ('subject_id'"', 'subject_id")]),

(datasource, realign, [('func', 'in_files'")]),

(realign, coregister, [('mean_image', 'source'), ('realigned files',
'apply_to_files'") 1),

(datasource, coregister, [('struct', 'target')]),

(datasource, normalize, [('struct', 'source')]),

(continues on next page)
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(coregister, normalize, [('coregistered files', 'apply to_files')]),

(normalize, smooth, [('normalized files', 'in_files'")]),

(infosource, modelspec, [(('subject_id', subjectinfo), 'subject_info')]),

(realign, modelspec, |[('realignment_parameters',
'realignment_parameters')]),

(smooth, modelspec, [ ('smoothed files', 'functional runs')]),
(normalize, skullstrip, [('normalized_source', 'in_ file')]),

(realign, art, [('realignment_parameters', 'realignment_parameters')]),
(normalize, art, [('normalized_files', 'realigned_files')]),
(skullstrip, art, [('mask _file', 'mask_file')]),

(art, modelspec, [('outlier_files', 'outlier_ files')]),

(modelspec, levelldesign, [('session_info', 'session_info')]),
(skullstrip, levelldesign, [('mask_file', 'mask_image')]),
(levelldesign, levellestimate, [('spm_mat_file', 'spm_mat_file')]),

(levellestimate, contrastestimate,
[("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),
('residual_image', 'residual_image')]),

29.5 Setup storage results

Usenipype.interfaces.io.DataSink to store selected outputs from the pipeline in a specific location.
This allows the user to selectively choose important output bits from the analysis and keep them.

The first step is to create a datasink node and then to connect outputs from the modules above to storage lo-
cations. These take the following form directory_name[.[ @]subdir] where parts between [] are optional. For
example ‘realign.@mean’ below creates a directory called realign in ‘lloutput/subject_id/’ and stores the mean
image output from the Realign process in the realign directory. If the @ is left out, then a sub-directory with the
name ‘mean’ would be created and the mean image would be copied to that directory.

datasink = pe.Node (interface=nio.DataSink (), name="datasink")
datasink.inputs.base_directory = os.path.abspath('spm_tutorial/lloutput')

def getstripdir (subject_id):
import os
return os.path.join(
os.path.abspath ('spm_tutorial/workingdir'),
'_subject_1id_%s' % subject_id)

# store relevant outputs from various stages of the 1st level analysis
llpipeline.connect ([
(infosource, datasink, [('subject_id', 'container'),
(('"subject_id', getstripdir), 'strip_dir')l]),
(realign, datasink, [('mean_image', 'realign.(@mean'),
('realignment_parameters', 'realign.@param')]),
(art, datasink, [('outlier_ files', 'art.@outliers'), ('statistic_files',
'art.@stats') 1),
(levelldesign, datasink, [('spm_mat_file', 'model.pre-estimate')]),
(levellestimate, datasink,
[("spm_mat_file', 'model.@spm'), ('beta_images', 'model.(@beta'),

('mask_image', 'model.@mask'), ('residual_image', 'model.(@res'),
('RPVimage', 'model.@rpv')]),
(contrastestimate, datasink, [('con_images', 'contrasts.@con'),
('"spmT_images', 'contrasts.@T')]),

(continues on next page)
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1)

Use nipype.interfaces.io.DataGrabber to extract the contrast ges across a group of first level sub-
jects. Unlike the previous pipeline that iterated over subjects, this pipeline will iterate over

# collect all the con images for each contrast.

contrast_ids = list (range(l, len(contrasts) + 1))

12source = pe.Node(nio.DataGrabber (infields=['fwhm', 'con']), name="12source")
# we use .xix to capture both .img (SPM8) and .nii (SPM12)
12source.inputs.template = os.path.abspath (

'spm_tutorial/lloutput/*/con*/*/_fwhm_%d/con_ Lxix")
# iterate over all contrast images
1l2source.iterables = [('fwhm', fwhmlist), ('con', contrast_ids)]
12source.inputs.sort_filelist = True

Use nipype.interfaces.spm.OneSampleTTestDesign to perform a simple statistical analysis of
the contrasts from the group of n this example).

# setup a l-sample t-test node
onesamplettestdes = pe.Node (

interface=spm.OneSampleTTestDesign (), name="onesampttestdes")
l2estimate = pe.Node (interface=spm.EstimateModel (), name="levellestimate™)
l2estimate.inputs.estimation_method = {'Classical': 1}
l2conestimate = pe.Node (

interface=spm.EstimateContrast (), name="levelZconestimate")
contl = ('Group', 'T', ['mean'], [11])
l2conestimate.inputs.contrasts = [contl]
l2conestimate.inputs.group_contrast = True

As before, we setup a pipeline to connect these two nodes (12source lettest).

12pipeline = pe.Workflow(name="level2")
12pipeline.base_dir = os.path.abspath('spm_tutorial/l2output')
12pipeline.connect ([
(12source, onesamplettestdes, [('outfiles', 'in files')]),
(onesamplettestdes, l2estimate, [('spm_mat_file', 'spm_mat_file')]),
(l12estimate, l2conestimate,
[ ("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),
('residual_image', 'residual_image')]),

29.6 Execute the pipeline

The code discussed above sets up all the necessary data structures with appropriate parameters and the con-
nectivity between the processes, but does not generate any output. To actually run the analysis on the data the
nipype.pipeline.engine.Pipeline.Run function needs to be called.

if  name_ == '_ _main__ ':
llpipeline.run('MultiProc')
12pipeline.run('MultiProc')

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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cHAPTER 30

fMRI: SPM Auditory dataset

30.1 Introduction

The fmri_spm_auditory.py recreates the classical workflow described in the SPM8 manual using auditory dataset
that can be downloaded from http://www.fil.ion.ucl.ac.uk/spm/data/auditory/:

’python fmri_spm_auditory.py

Import necessary modules from nipype.

import
import
import
import
import
import
import
import

nipype.
nipype.
nipype.
nipype.
nipype.
.pipeline.engine as pe # pypeline engine
.algorithms

nipype
nipype

interfaces

interfaces.
interfaces.

interfaces
interfaces

from builtins import range

.io as nio # Data i/o

spm as spm # spm

fsl as f£fsl # fsl

.matlab as mlab # how to run matlab
.utility as util # utility

.modelgen as model # model specification

os # system functions

30.1.1 Preliminaries

# Set the way matlab should be called
mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop -nosplash")

30.1.2 lows

In this tutorial we will be setting up a hierarchical workflow for spm analysis. This will demonstrate
how pre-defined workflows can be setup and shared across users, projects and labs. eprocessing workflow
This is a generic preprocessing workflow that can be used by different analyses

preproc

= pe.Workflow (name='preproc")

We strongly encourage to use 4D files insteead of series of 3D for fMRI analyses for many reasons (cleanness
and saving and filesystem inodes are among them). However, the the workflow presented in the SPM8 manual
which this tutorial is based on uses 3D files. Therefore we leave converting to 4D as an option. We are using

369



http://www.fil.ion.ucl.ac.uk/spm/doc/manual.pdf
http://www.fil.ion.ucl.ac.uk/spm/data/auditory/

nipype Documentation, Release 1.1.0

merge_to_4d variable, because switching between 3d and 4d requires some additional steps (explauned later on).

Use nipype.interfaces.fsl.Merge to merge a series of 3D files along the time dimension creating a
4d file.

merge_to_4d = True

if merge_to_4d:
merge pe.Node (interface=fsl.Merge (), name="merge")
merge.inputs.dimension = "t"

Usenipype.interfaces. spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (interface=spm.Realign (), name="realign")

Use nipype.interfaces.spm.Coregister to perform a rigid body registration of the functional data
to the structural data.

coregister = pe.Node (interface=spm.Coregister (), name="coregister")
coregister.inputs. jobtype = 'estimate'

segment = pe.Node (interface=spm.Segment (), name="segment")

Uncomment the following line for faster execution

# segment.inputs.gaussians_per._class = [1, 1, 1, 4]

Warp functional and structural data to SPM’s T1 template using nipype.interfaces.spm.Normalize.
The tutorial data set emplate image, T1.nii.

normalize_func = pe.Node (interface=spm.Normalize (), name="normalize_func")
normalize_func.inputs. jobtype = "write"

normalize_struc = pe.Node (interface=spm.Normalize (), name="normalize_struc")
normalize_struc.inputs. jobtype = "write"

Smooth the functional data using nipype.interfaces.spm.Smooth

smooth = pe.Node (interface=spm.Smooth (), name="smooth")

write_voxel_sizes is the input of the normalize interface that is recommended to be set to the voxel sizes of the
target volume. There is no need to set it manually since we van infer it from data using the following function:

def get_vox_dims (volume) :
import nibabel as nb
from nipype.utils import NUMPY_MMAP
if isinstance (volume, list):
volume = volume[O0]
nii = nb.load(volume, mmap=NUMPY_MMAP)
hdr = nii.header
voxdims = hdr.get_zooms ()
return [float (voxdims[0]), float (voxdims[1l]), float (voxdims[2])]

Here we are connecting all the nodes together. Notice that we add the merge node only if you choose to use 4D.
Also get_vox_dims function is passed along the input volume of normalise to set the optimal voxel sizes.

if merge_to_4d:
preproc.connect ([ (merge, realign, [('merged_file', 'in_ files')])])

preproc.connect ([
(realign, coregister, |[('mean_image', 'target')l]),
(coregister, segment, |[('coregistered_source', 'data')l]),

(continues on next page)
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(segment, normalize_func, [('transformation mat', 'parameter file')]),
(segment, normalize_struc,
[("transformation_mat', 'parameter_file'), ('modulated_input_image',
'apply_to_files'),
(('modulated_input_image', get_vox_dims), 'write_voxel_sizes')]),
(realign, normalize_func, [('realigned_files', 'apply to_files'),

(('realigned_files', get_vox_dims),
'write_voxel_sizes')]1),
(normalize_func, smooth, [('normalized_files', 'in_files')]),

1)

30.1.3 Set up analysis workflow

’llanalysis = pe.Workflow (name='analysis')

Generate SPM-specific design information using nipype.interfaces.spm.SpecifyModel.

’modelspec = pe.Node (interface=model.SpecifySPMModel (), name="modelspec")

Generate a first level SPM.mat file for analysis nipype.interfaces.spm.LevellDesign.

levelldesign = pe.Node (interface=spm.LevellDesign (), name="levelldesign")
levelldesign.inputs.bases = {'hrf': {'derivs': [0, 0]}}

Use nipype.interfaces.spm.EstimateModel to determine the parameters of the model.

levellestimate = pe.Node (interface=spm.EstimateModel (), name="levellestimate")
levellestimate.inputs.estimation_method = {'Classical': 1}

threshold = pe.Node (interface=spm.Threshold(), name="threshold")

Use nipype.interfaces.spm.EstimateContrast to estimate the first level contrasts specified in a
few steps above.

contrastestimate = pe.Node (
interface=spm.EstimateContrast (), name="contrastestimate")

llanalysis.connect ([
(modelspec, levelldesign, [('session_info', 'session_info')]),
(levelldesign, levellestimate, [('spm _mat_ file', 'spm mat_file')]),
(levellestimate, contrastestimate,
[("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),
('residual_image', 'residual_image')]),
(contrastestimate, threshold, [('spm_mat_file', 'spm_mat_file'"),
('spmT_images', 'stat_image')]),

1)

30.1.4 Preproc + Analysis pipeline

llpipeline = pe.Workflow(name='firstlevel')
llpipeline.connect ([ (preproc, llanalysis,
[('"realign.realignment_parameters',
'modelspec.realignment_parameters')])1])

Pluging in functional_runs is a bit more complicated, because model spec expects a list of runs. Every run can
be a 4D file or a list of 3D files. Therefore for 3D analysis we need a list of lists and to make one we need a
helper function.
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if merge_to_4d:
llpipeline.connect ([ (preproc, llanalysis,
[ ('smooth.smoothed_files',
'modelspec.functional_runs')]) 1)
else:

def makelist (item) :
return [item]

llpipeline.connect ([ (preproc, llanalysis,
[(('smooth.smoothed _files', makelist),
'modelspec.functional_runs')])1)

30.1.5 Data specific components

In this tutorial there is only one subject M00223. Below we set some variables to inform the datasource
about the layout of our data. We specify the location of the data, the subject sub-directories and a dictionary that
maps each run to a mnemonic (or field) for the run type (st ruct or func). These fields become the output
fields of the datasource node in the pipeline.

# Specify the location of the data downloaded from http://www.fil.ion.ucl.ac.uk/

—spm/data/auditory/

data_dir = os.path.abspath('spm_auditory_data')

# Specify the subject directories

subject_list = ['M00223"]

# Map field names to individual subject runs.

info = dict(
func=[['f', 'subject_id', 'f',

list (range (16, 100))11]

struct=[['s', 'subject_id', '

'subject_i1id"',

r
s', 'subject_id',

211

infosource = pe.Node (

interface=util.IdentityInterface (fields=["'subject_id']),

name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['"'subject_id'],
name="'datasource"')

outfields=["'func', 'struct']l),

datasource.inputs.base_directory data_dir
datasource.inputs.template = ' / _ .img'
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True
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30.1.6 Experimental paradigm specific components

Here we create a structure that provides information about the experimental paradigm. This is used by the
nipype.interfaces.spm.SpecifyModel to create the information necessary to generate an SPM de-
sign matrix.

from nipype.interfaces.base import Bunch
subjectinfo = [
Bunch (
conditions=['Task'], onsets=[list (range(6, 84, 12))]1, durations=[[6]])

]

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

contl = ('active > rest', 'T', ['Task'], [11)
contrasts = [contl]

# set up node specific inputs

modelspecref = llpipeline.inputs.analysis.modelspec
modelspecref.input_units = 'scans'
modelspecref.output_units = 'scans'
modelspecref.time_repetition = 7
modelspecref.high_pass_filter_cutoff = 120

lldesignref = llpipeline.inputs.analysis.levelldesign
lldesignref.timing_units = modelspecref.output_units
lldesignref.interscan_interval = modelspecref.time_repetition

llpipeline.inputs.preproc.smooth.fwhm = [6, 6, 6]
llpipeline.inputs.analysis.modelspec.subject_info = subjectinfo
llpipeline.inputs.analysis.contrastestimate.contrasts = contrasts
llpipeline.inputs.analysis.threshold.contrast_index = 1

30.1.7 Setup the pipeline

The nodes created above do not describe the flow of data. They merely describe the parameters used for each
function. In this section we setup the connections between the nodes such that appropriate outputs from nodes
are piped into appropriate inputs of other nodes.

Use the nipype.pipeline.engine.Pipeline to create a graph-based execution pipeline for first level
analysis. The config options tells the pipeline engine to use workdir as the disk location to use when running
the processes and keeping their outputs. The use_parameterized_dirs tells the engine to create sub-directories
under workdir corresponding to the iterables in the pipeline. Thus for this pipeline there will be subject specific
sub-directories.

The nipype.pipeline.engine.Pipeline.connect function creates the links between the processes,
i.e., how data should flow in and out of the processing nodes.

levell = pe.Workflow (name="levell™)
levell.base_dir = os.path.abspath('spm_auditory_tutorial/workingdir")

levell.connect ([ (infosource, datasource, [('subject_id', 'subject_id'")1]),
(datasource, llpipeline, [('struct',
'preproc.coregister.source')])])
if merge_to_4d:
levell.connect ([ (datasource, llpipeline, [ ('func',
'preproc.merge.in_files')])1)

(continues on next page)
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else:
levell.connect ([ (datasource, llpipeline, [('func',
'preproc.realign.in_files')]1)1)

30.1.8 Setup storage results

Usenipype.interfaces.io.DataSink to store selected outputs from the pipeline in a specific location.
This allows the user to selectively choose important output bits from the analysis and keep them.

The first step is to create a datasink node and then to connect outputs from the modules above to storage lo-
cations. These take the following form directory_name[.[ @]subdir] where parts between [] are optional. For
example ‘realign. @mean’ below creates a directory called realign in ‘l11output/subject_id/” and stores the mean
image output from the Realign process in the realign directory. If the @ is left out, then a sub-directory with the
name ‘mean’ would be created and the mean image would be copied to that directory.

datasink = pe.Node (interface=nio.DataSink (), name="datasink")
datasink.inputs.base_directory = os.path.abspath(
'spm_auditory_tutorial/lloutput')

def getstripdir (subject_id):
import os
return os.path. join (
os.path.abspath ('spm_auditory_tutorial/workingdir'),

o

'_subject_id_%s' % subject_id)

# store relevant outputs from various stages of the 1st level analysis
levell.connect ([
(infosource, datasink, [('subject_id', 'container'),
(('subject_id', getstripdir), 'strip_dir')]),
(l1lpipeline, datasink,
[("analysis.contrastestimate.con_images', 'contrasts.@con'),
("analysis.contrastestimate.spmT_images', 'contrasts.@T')]),

1)

code discussed above sets up all the necessary data structures

opriate parameters and the connectivity between the sses, but does not generate any output. To actually run the
sis on the data the nipype.pipeline.engine.Pipeline.Run

if name == '__main__ ':

levell.run()
levell . write_graph ()

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 31

fMRI: DARTEL, SPM

The fmri_spm_dartel.py integrates several interfaces to perform a first and second level analysis on a two-
subject data set. The tutorial can be found in the examples folder. Run the tutorial from inside the nipype
tutorial directory:

python fmri_spm_dartel.py

Import necessary modules from nipype.

from _ future  import print_function
from builtins import str
from builtins import range

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.spm as spm # spm

import nipype.workflows.fmri.spm as spm wf # spm

import nipype.interfaces.fsl as fsl # fsl

from nipype.interfaces import utility as niu # Utilities

import nipype.pipeline.engine as pe # pypeline engine

import nipype.algorithms.rapidart as ra # artifact detection
import nipype.algorithms.modelgen as model # model specification
import os # system functions

31.1 Preliminaries

Set any package specific configuration. The output file format for FSL routines is being set to uncompressed
NIFTI and a specific version of matlab is being used. The uncompressed format is required because SPM does
not handle compressed NIFTIL.

# Tell fsl to generate all output in uncompressed nifti format
fsl.FSLCommand.set_default_output_type ('NIFTI")

# Set the way matlab should be called
# mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop -nosplash")
# mlab.MatlabCommand.set_default_paths('/software/spm8")
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31.2 lows

In this tutorial we will be setting up a hierarchical workflow for spm analysis. This will demonstrate
how pre-defined workflows can be setup and shared across users, projects and labs. eprocessing workflow
This is a generic preprocessing workflow that can be used by different analyses

preproc = pe.Workflow (name='preproc')

Usenipype.interfaces.spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (spm.Realign (), name="realign")
realign.inputs.register_to_mean = True

Usenipype.algorithms.rapidart todetermine which of the images in the functional series are outliers
based on deviations in intensity or movement.

art = pe.Node (ra.ArtifactDetect (), name="art")
art.inputs.use_differences = [True, False]
art.inputs.use_norm = True
art.inputs.norm_threshold = 1
art.inputs.zintensity_threshold = 3
art.inputs.mask_type = 'file'
art.inputs.parameter_source = 'SPM'

Skull strip structural images using nipype.interfaces.fsl.BET.

skullstrip = pe.Node (fsl.BET (), name="skullstrip")
skullstrip.inputs.mask = True

Use nipype.interfaces.spm.Coregister to perform a rigid body registration of the functional data
to the structural data.

coregister = pe.Node (spm.Coregister (), name="coregister")
coregister.inputs. jobtype = 'estimate'

Normalize and smooth functional data using DARTEL template

normalize_and_smooth_func = pe.Node (

spm.DARTELNorm2MNI (modulate=True), name='normalize_and_smooth_ func')
fwhmlist = [4]
normalize_and_smooth_func.iterables = ('fwhm', fwhmlist)

Normalize structural data using DARTEL template

normalize_struct = pe.Node (
spm.DARTELNorm2MNI (modulate=True), name='normalize_ struct')
normalize_struct.inputs.fwhm = 2

preproc.connect ([
(realign, coregister, [('mean_image', 'source'), ('realigned_files',
'‘apply_to_files'") 1),
(coregister, normalize_and_smooth_func, [('coregistered files',

'apply_to_files") 1),
(normalize_struct, skullstrip, [('normalized files', 'in_file'")]),
(realign, art, [('realignment_parameters', 'realignment_parameters')]),
(normalize_and_smooth_func, art, [('normalized_files',
'realigned_files'")]),
(skullstrip, art, [('mask_file', 'mask_file')]),
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31.3 Set up analysis workflow

’llanalysis pe.Workflow (name="'analysis')

Generate SPM-specific design information using nipype.interfaces.spm. SpecifyModel.

name=

modelspec pe.Node (model. SpecifySPMModel (),
modelspec.inputs.concatenate_runs True

modelspec")

Generate a first level SPM.mat file for analysis nipype.interfaces.spm.LevellDesign.

levelldesign pe.Node (spm.LevellDesign (),

{"hrf':

name="levelldesign")

levelldesign.inputs.bases = (0, O]}}

{'derivs':

Use nipype.interfaces.spm.EstimateModel to determine the parameters of the model.

levellestimate = pe.Node (spm.EstimateModel (), name="levellestimate")

levellestimate.inputs.estimation_method = {'Classical': 1}

Use nipype.interfaces.spm.EstimateContrast to estimate the first level contrasts specified in a
few steps above.

contrastestimate pe.Node (spm.EstimateContrast (), name="contrastestimate")

Use :class: nipype.interfaces.utility.Select to select each contrast for reporting.

selectcontrast = pe.Node (niu.Select (), name="selectcontrast")

Use nipype.interfaces.fsl.Overlay to combine the statistical output of the contrast estimate and a
background image into one volume.

overlaystats = pe.Node(fsl.Overlay (), name="overlaystats")
overlaystats.inputs.stat_thresh = (3, 10)
overlaystats.inputs.show_negative_stats = True
overlaystats.inputs.auto_thresh_bg = True

Use nipype.interfaces.fsl.Slicer to create images of the overlaid statistical volumes for a report

of the first-level results.

slicestats
slicestats.
slicestats.

pe.Node (fsl.Slicer (),
inputs.all_axial True
inputs.image_width 750

llanalysis.connect ([ (modelspec,
[('"session_info',

'session_info')

(levellestimate,
[('spm_mat_file',

name="slicestats")

levelldesign,

1)

(levelldesign, levellestimate,
[("spm_mat_file', 'spm_mat_file')]),

contrastestimate,

'spm_mat_file'), ('beta_images',

'beta_images'),

('residual_image',

'residual_image')1),

(selectcontrast,
[("out',

(contrastestimate,
[ ('"spmT_images',

selectcontrast,
'inlist") 1),

overlaystats,
'stat_image') 1),

(overlaystats,
[('out_file',

slicestats,
"in_file')])1)

31.3.

Set up analysis workflow
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31.4 Preproc + Analysis pipeline

llpipeline = pe.Workflow(name='firstlevel')
llpipeline.connect ([
(preproc, llanalysis,
[('"realign.realignment_parameters', 'modelspec.realignment_parameters'),
("normalize_and_smooth_func.normalized_files',
'modelspec.functional_runs'), ('art.outlier_ files',
'modelspec.outlier_files'),
('skullstrip.mask_file',
'levelldesign.mask_image'), ('normalize_struct.normalized_files',
'overlaystats.background_image')]),

31.5 Data specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
named struct.nii.

Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (struct or func). These fields become the output fields of the datasource node in the pipeline.

In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a template ‘%s.nii’.
So ‘f3’ would become ‘f3.nii’.

# Specify the location of the data.

# data_dir = os.path.abspath('data')

# Specify the subject directories
subject_list = ['sl', 's3']

# Map field names to individual subject runs.

info = dict (
func=[['subject_id', ['£f3', 'f5', 'f£7', 'f10'111,
struct=[["'subject_id', 'struct']])

infosource = pe.Node (
niu.IdentityInterface(fields=["'subject_id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_1list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

inputnode = pe.Node (

niu.IdentityInterface(fields=['in_data']), name='inputnode')
datasource = pe.Node (
nio.DataGrabber (infields=['subject_id'], outfields=['func', 'struct']l),
name="'"datasource')
datasource.inputs.template = 'nipype-tutorial/data/%s/%s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True
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We need to create a separate workflow to make the DARTEL template

datasource_dartel = pe.MapNode (
nio.DataGrabber (infields=["'subject_1id'], outfields=['struct']),
name="'datasource_dartel',
iterfield=['subject_id'])

datasource_dartel.inputs.template = 'nipype-tutorial/data/%¢s/%¢s.nii'
datasource_dartel.inputs.template_args = dict (
struct=[['"'subject_id"', 'struct'l])

datasource_dartel.inputs.sort_filelist = True
datasource_dartel.inputs.subject_id = subject_list

Here we make sure that struct files have names corresponding to the subject ids. This way we will be able to
pick the right field flows later.

rename_dartel = pe.MapNode (
niu.Rename (format_string="subject_id_ __struct™),
iterfield=["'in_file', 'subject_id'],
name="'rename_dartel'")
rename_dartel.inputs.subject_id = subject_list
rename_dartel.inputs.keep_ext = True

dartel_workflow = spm_wf.create_DARTEL_template (name='dartel workflow'")
dartel_workflow.inputs.inputspec.template_prefix = "template"

This function will allow to pick the right field flow for each subject

def pickFieldFlow(dartel_ flow_fields, subject_id):
from nipype.utils.filemanip import split_filename
for f in dartel_flow_fields:
_, name, _ = split_filename (f)
if name.find("subject_1id_2%s" %
return f

subject_id) :

raise Exception

pick_flow = pe.Node (
niu.Function (
input_names=['dartel_ flow_fields', 'subject_id'],
output_names=["'dartel flow_field'],
function=pickFieldFlow),
name="pick_flow")

31.6 Experimental paradigm specific components

Here we create a function that returns subject-specific information about the experimental paradigm. This is
used by the nipype.interfaces.spm.SpecifyModel to create the information necessary to generate
an SPM design matrix. In this tutorial, the same paradigm was used for every participant.

def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']

for r in range (4):

(continues on next page)
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onsets = [list(range (15, 240, 60)), list(range (45, 240, 60))]
output.insert (r,
Bunch (

conditions=names,
onsets=deepcopy (onsets),
durations=[[15] for s in names],
amplitudes=None,
tmod=None,
pmod=None,
regressor_names=None,
regressors=None) )

return output

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

contl = ('Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5])
cont2 = ('Task-0Odd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -1])
contrasts = [contl, cont2]

# set up node specific inputs

modelspecref = llpipeline.inputs.analysis.modelspec
modelspecref.input_units = 'secs'
modelspecref.output_units = 'secs'
modelspecref.time_repetition = 3.
modelspecref.high_pass_filter_cutoff = 120

lldesignref = llpipeline.inputs.analysis.levelldesign
lldesignref.timing_units = modelspecref.output_units
lldesignref.interscan_interval = modelspecref.time_repetition
llpipeline.inputs.analysis.contrastestimate.contrasts = contrasts

# Iterate over each contrast and create report images.
selectcontrast.iterables = ('index', [[1] for i in range(len(contrasts))])

The nodes created above do not describe the flow of data. They merely describe the parameters used for
each function. In this section we setup the connections between the nodes such that appropriate outputs from
nodes are piped into appropriate inputs of other nodes. Use the nipype.pipeline.engine.Pipeline
to create a graph-based execution pipeline for first level analysis. The config options tells the pipeline en-
gine to use workdir as the disk location to use when running the processes and keeping their outputs. The
use_parameterized_dirs tells the engine to create sub-directories under workdir corresponding to the iterables
in the pipeline. Thus for this pipeline there will be subject specific The nipype.pipeline.engine.
Pipeline.connect function creates the links between the processes, i.e., how data should flow in and out
of

levell = pe.Workflow(name="levell")
levell.base_dir = os.path.abspath('spm dartel tutorial/workingdir')

levell.connect ([
(inputnode, datasource, [('in_data', 'base_directory')]),
(inputnode, datasource_dartel, [('in_data', 'base_directory')l]l),
(datasource_dartel, rename_dartel, [('struct', 'in_file')]),
(rename_dartel, dartel_workflow, [('out_file',
'inputspec.structural_files')]),
(infosource, datasource, [ ('subject_id', 'subject_id")]),

(continues on next page)
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(datasource, llpipeline,
[("func', 'preproc.realign.in_files'), ('struct',
'preproc.coregister.target'),

("struct', 'preproc.normalize_struct.apply_to_files')]),

(dartel_workflow, llpipeline,

[ ("outputspec.template_file', 'preproc.normalize_struct.template_file'),
('outputspec.template_file',
'preproc.normalize_and_smooth_func.template_file')]),

(infosource, pick_flow, [('subject_id', 'subject_id')]),
(dartel_workflow, pick_flow, [ ('outputspec.flow_fields',
'dartel_flow_fields')]),

(pick_flow, llpipeline,
[('dartel_flow_field', 'preproc.normalize_struct.flowfield files'),
('dartel_flow_field',
'preproc.normalize_and_smooth_func.flowfield_ files')]),
(infosource, llpipeline, [(('subject_id', subjectinfo),
'analysis.modelspec.subject_info')]),

31.7 Setup storage results

Usenipype.interfaces.io.DataSink to store selected outputs from the pipeline in a specific location.
This allows the user to selectively choose important output bits from the analysis and keep them.

The first step is to create a datasink node and then to connect outputs from the modules above to storage lo-
cations. These take the following form directory_name[.[ @]subdir] where parts between [] are optional. For
example ‘realign.@mean’ below creates a directory called realign in ‘lloutput/subject_id/’ and stores the mean
image output from the Realign process in the realign directory. If the @ is left out, then a sub-directory with the
name ‘mean’ would be created and the mean image would be copied to that directory.

datasink = pe.Node (nio.DataSink (), name="datasink")

datasink.inputs.base_directory = os.path.abspath(
'spm_dartel_tutorial/lloutput')

report = pe.Node(nio.DataSink (), name='report')

report.inputs.base_directory = os.path.abspath('spm_dartel_tutorial/report')

report.inputs.parameterization = False

def getstripdir (subject_id):
import os
return os.path. join (
os.path.abspath ('spm_dartel_ tutorial/workingdir'),

o

'_subject_id_%s' % subject_id)

# store relevant outputs from various stages of the 1st level analysis
levell.connect ([
(infosource, datasink, [('subject_id', 'container'),
(('subject_id', getstripdir), 'strip_dir')]),
(l1lpipeline, datasink,
[("analysis.contrastestimate.con_images', 'contrasts.@con'),
("analysis.contrastestimate.spmT_images', 'contrasts.@T')]),

(infosource, report, [('subject_id', 'container'),
(('"subject_id'"', getstripdir), 'strip_dir')]),
(llpipeline, report, [('analysis.slicestats.out_file', '@report')]),

1)

(continues on next page)
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code discussed above sets up all the necessary data structures

opriate parameters and the connectivity between the sses, but does not generate any output. To actually run the
sis on the data the nipype.pipeline.engine.Pipeline.Run

if name == '__main__ ':

levell.run (plugin_args={'n_procs': 4})
levell.write_graph()

31.8 Setup level 2 pipeline

Use nipype.interfaces.io.DataGrabber to extract the contrast images across a group of first level
subjects. Unlike the previous pipeline that iterated over subjects, this pipeline will iterate over contrasts.

# collect all the con images for each contrast.

contrast_ids = list (range(l, len(contrasts) + 1))

12source = pe.Node (nio.DataGrabber (infields=['fwhm', 'con']), name="12source")

# we use .xix to capture both .img (SPM8) and .nii (SPM12)

12source.inputs.template = os.path.abspath(
'spm_dartel_tutorial/lloutput/*/conx/*/_fwhm_%d/con_ Lkix ")

# iterate over all contrast images

12source.iterables = [('fwhm', fwhmlist), ('con', contrast_ids)]

12source.inputs.sort_filelist = True

Use nipype.interfaces.spm.OneSampleTTestDesign to perform a simple statistical analysis of
the contrasts from the group of n this example).

# setup a l-sample t-test node

onesamplettestdes = pe.Node (spm.OneSampleTTestDesign (), name="onesampttestdes")
l2estimate = pe.Node (spm.EstimateModel (), name="levellestimate™)
l2estimate.inputs.estimation_method = {'Classical': 1}

l2conestimate = pe.Node (spm.EstimateContrast (), name="levelZconestimate™)

contl = ('Group', 'T', ['mean'], [11])

l2conestimate.inputs.contrasts = [contl]

l2conestimate.inputs.group_contrast = True

As before, we setup a pipeline to connect these two nodes (12source lettest).

12pipeline = pe.Workflow (name="level2")
12pipeline.base_dir = os.path.abspath('spm _dartel tutorial/l2output")
12pipeline.connect ([
(l2source, onesamplettestdes, [('outfiles', 'in_files')]),
(onesamplettestdes, l2estimate, [('spm_mat_file', 'spm_mat_file')]),
(l2estimate, l2conestimate,
[("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),
('residual_image', 'residual_image')]),

31.9 Execute the second level pipeline

if _ name_ == '_ main_
12pipeline.run()

Example source code
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You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 32

fMRI: Famous vs non-famous faces, SPM

32.1 Introduction

The fmri_spm_face.py recreates the classical workflow described in the SPM8 manual using face dataset that
can be downloaded from http://www.fil.ion.ucl.ac.uk/spm/data/face_rep/:

’python fmri_spm.py

Import necessary modules from nipype.

from _ future  import division
from builtins import range

import os # system functions

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.spm as spm # spm

import nipype.interfaces.matlab as mlab # how to run matlab
import nipype.interfaces.utility as util # utility

import nipype.pipeline.engine as pe # pypeline engine

import nipype.algorithms.modelgen as model # model specification

32.1.1 iminaries

Set any package specific configuration. The output file format for FSL routines is being set to uncompressed
NIFTTI and a specific version of matlab is being used. The uncompressed format is required because SPM does
not handle compressed NIFTI.

# Set the way matlab should be called
mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop -nosplash™)
# If SPM is not in your MATLAB path you should add it here

# mlab.MatlabCommand.set_default_paths('/path/to/your/spm8")

32.1.2 lows
In this tutorial we will be setting up a hierarchical workflow for spm analysis. It one is slightly different then
the one used in spm_tutorial2. eprocessing workflow ———————— This is a generic preprocessing workflow

that can be used by different analyses
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preproc = pe.Workflow (name='preproc')

Usenipype.interfaces. spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (interface=spm.Realign (), name="realign")

slice_timing = pe.Node (interface=spm.SliceTiming (), name="slice_timing")

Use nipype.interfaces.spm.Coregister to perform a rigid body registration of the functional data
to the structural data.

coregister = pe.Node (interface=spm.Coregister (), name="coregister")
coregister.inputs. jobtype = 'estimate'

segment = pe.Node (interface=spm.Segment (), name="segment")
segment .inputs.save_bias_corrected = True

Uncomment the following line for faster execution

# segment.inputs.gaussians_per_class = [1, 1, 1, 4]

Warp functional and structural data to SPM’s T1 template using nipype.interfaces.spm.Normalize.
The tutorial data set emplate image, T1.nii.

normalize_func = pe.Node (interface=spm.Normalize (), name="normalize_func")
normalize_func.inputs. jobtype = "write"

normalize_struc = pe.Node (interface=spm.Normalize (), name="normalize_struc")
normalize_struc.inputs. jobtype = "write"

Smooth the functional data using nipype.interfaces. spm. Smooth.

smooth = pe.Node (interface=spm.Smooth (), name="smooth")

write_voxel_sizes is the input of the normalize interface that is recommended to be set to the voxel sizes of the
target volume. There is no need to set it manually since we van infer it from data using the following function:

def get_vox_dims (volume) :
import nibabel as nb
from nipype.utils import NUMPY_MMAP
if isinstance (volume, list):
volume = volume[0]
nii = nb.load(volume, mmap=NUMPY_MMAP)
hdr = nii.header
voxdims = hdr.get_zooms ()
return [float (voxdims[0]), float (voxdims[1l]), float (voxdims[2])]

Here we are connecting all the nodes together. Notice that we add the merge node only if you choose to use 4D.
Also get_vox_dims function is passed along the input volume of normalise to set the optimal voxel sizes.

preproc.connect ([
(realign, coregister, |[('mean_image', 'target')]),
(coregister, segment, |[('coregistered_source', 'data')l]),
(segment, normalize_func, [('transformation_mat', 'parameter_ file')]),
(segment, normalize_struc,
[("transformation_mat', 'parameter_file'), ('bias_corrected_image',
'apply_to_files'),
(('bias_corrected_image', get_vox_dims), 'write_voxel sizes')]),
(realign, slice_timing, [('realigned_ files', 'in_files')]),
(slice_timing, normalize_func, [('timecorrected files', 'apply_ to_files'),
(('timecorrected_files', get_vox_dims),

(continues on next page)
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'write_voxel_sizes')]1),
(normalize_func, smooth, [('normalized_files', 'in_files')]),

1)

32.1.3 Set up analysis workflow

’llanalysis = pe.Workflow(name="analysis")

Generate SPM-specific design information using nipype.interfaces.spm. SpecifyModel.

’modelspec = pe.Node (interface=model.SpecifySPMModel (), name="modelspec")

Generate a first level SPM.mat file for analysis nipype.interfaces.spm.LevellDesign.

’levelldesign = pe.Node (interface=spm.LevellDesign (), name="levelldesign")

Use nipype.interfaces.spm.EstimateModel to determine the parameters of the model.

levellestimate = pe.Node (interface=spm.EstimateModel (), name="levellestimate")
levellestimate.inputs.estimation_method = {'Classical': 1}

threshold = pe.Node (interface=spm.Threshold (), name="threshold")

Use nipype.interfaces.spm.EstimateContrast to estimate the first level contrasts specified in a
few steps above.

contrastestimate = pe.Node (
interface=spm.EstimateContrast (), name="contrastestimate")

def pickfirst(l):
return 1[0]

llanalysis.connect ([

(modelspec, levelldesign, [('session_info', 'session_info')]),

(levelldesign, levellestimate, [('spm_mat_ file', 'spm mat_file')]),

(levellestimate, contrastestimate,

[("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),

('residual_image', 'residual_image')]),

(contrastestimate, threshold, [('spm_mat_file', 'spm_mat_file'"),
(('"spmT_images', pickfirst),
'stat_image') 1),

1)

32.1.4 Preproc + Analysis pipeline

llpipeline = pe.Workflow(name='firstlevel')
llpipeline.connect ([ (preproc, llanalysis,
[("realign.realignment_parameters',
'modelspec.realignment_parameters')])])

Pluging in functional_runs is a bit more complicated, because model spec expects a list of runs. Every run can
be a 4D file or a list of 3D files. Therefore for 3D analysis we need a list of lists and to make one we need a
helper function.
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def makelist (item) :
return [item]

llpipeline.connect ([ (preproc, llanalysis, [(('smooth.smoothed_files"',
makelist),
'modelspec.functional_runs')]) 1)

32.1.5 Data specific components

In this tutorial there is only one subject M03953.

Below we set some variables to inform the datasource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (struct or func). These fields become the output fields of the datasource node in the pipeline.

# Specify the location of the data downloaded from http://www.fil.ion.ucl.ac.uk/
—spm/data/face_rep/face_rep_ SPM5.html

data_dir = os.path.abspath('spm_face_data')

# Specify the subject directories

subject_list = ['M03953"']

# Map field names to individual subject runs.

info = dict(

func=[['RawEPI', 'subject_id', 5, ["_ " % i for i1 in range(6, 357)111,
struct=[['Structural', 'subject_id', 7, ''11])
infosource = pe.Node (

interface=util.IdentityInterface (fields=["'subject_id']), name="infosource™)

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_1list)

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
interface=nio.DataGrabber (
infields=['subject_id'], outfields=['func', 'struct']),
name="'datasource"')
datasource.inputs.base_directory = data_dir

datasource.inputs.template = '$s/s .img'
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

32.1.6 Experimental paradigm specific components

Here we create a structure that provides information about the experimental paradigm. This is used by the
nipype.interfaces.spm.SpecifyModel to create the information necessary to generate an SPM de-
sign matrix.

from nipype.interfaces.base import Bunch

We’re importing the onset times from a mat file (found on http://www.fil.ion.ucl.ac.uk/spm/data/face_rep/)
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from scipy.io.matlab import loadmat

mat = loadmat (os.path.join(data_dir, "sots.mat"), struct_as_record=False)
sot = mat['sot'][0]

itemlag = mat['itemlag'] [0]

subjectinfo = [
Bunch (

conditions=['N1', 'N2', 'F1', 'F2'],
onsets=[sot[0], sot[l], sot[2], sot[3]1],
durations=[[0], [0], [01, [01],
amplitudes=None,
tmod=None,
pmod=None,
regressor_names=None,
regressors=None)

]

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

condl = ('positive effect of condition', 'T',

['"N1*bf(1)', 'N2+xbf(1l)', 'Flxbf(l)', 'F2«bf(1)']l, [1, 1, 1, 11)
cond2 = ('positive effect of condition_dtemo', 'T',

['N1«bf(2)', 'N2xbf(2)', 'Fl«bf(2)', 'F2«bf(2)'l, I[1, 1, 1, 11)
cond3 = ('positive effect of condition_ddisp', 'T',

['"N1+xbf(3)', 'N2xbf(3)', 'Flxbf(3)', 'F2«bf(3)'], [1, 1, 1, 171)
# non—famous > famous

faml = ('positive effect of Fame', 'T',

['NI«bf(1)", 'N2xbf(l)', 'Flxbf(l)', 'F2xbf(1)'], [1, 1, -1, -1])
fam2 = ('positive effect of Fame_dtemp', 'T',

['N1xbf(2)', 'N2xbf(2)', 'Flxbf(2)', 'F2«bf(2)'], [1, 1, -1, -11)
fam3 = ('positive effect of Fame_ddisp', 'T',

["N1xbf(3)"', 'N2xbf(3)', 'Flxbf(3)', 'F2xb£f(3)'l, [1, 1, -1, -17)
# repl > rep2

repl = ('positive effect of Rep', 'T',

['"N1«bf(1l)"', 'N2xbf(l)', 'Flxbf(l)', 'F2xbf(1)'l, [1, -1, 1, -11)
rep2 = ('positive effect of Rep_dtemp', 'T',

["N1xbf(2)', 'N2xbf(2)', 'Flxbf(2)', 'F2+«bf(2)']l, [1, -1, 1, -11)
rep3 = ('positive effect of Rep_ddisp', 'T',

["N1xbf(3)', 'N2+xbf(3)', 'Flxbf(3)', 'F2«bf(3)']l, [1, -1, 1, -117)
intl = ('positive interaction of Fame x Rep', 'T',

["N1xbf(1l)', 'N2xbf(l)', 'Flxbf(l)', 'F2+«bf(1)']l, [-1, -1, -1, 11)
int2 = ('positive interaction of Fame x Rep_dtemp', 'T',

['"N1«bf(2)"', 'N2xbf(2)', 'Flxbf(2)', 'F2«bf(2)'l, [1, -1, -1, 11)
int3 = ('positive interaction of Fame x Rep_ddisp', 'T',

['N1xb£f(3)', 'N2xbf(3)', 'Flxb£f(3)', 'F2«xb£f(3)'], [1, -1, -1, 11)

contfl = ['average effect condition', 'F', [condl, cond2, cond3]]

contf2 = ['main effect Fam', 'F', [faml, fam2, fam3]]

contf3 = ['main effect Rep', 'F', [repl, rep2, rep3]]

contfd = ['interaction: Fam x Rep', 'F', [intl, int2, int3]]

contrasts = |
condl, cond2, cond3, faml, fam2, fam3, repl, rep2, rep3, intl, int2, int3,
contfl, contf2, contf3, contf4

]

Setting up nodes inputs
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num_slices = 24

TR = 2.

slice_timingref = llpipeline.inputs.preproc.slice_timing
slice_timingref.num_slices = num_slices
slice_timingref.time_repetition = TR
slice_timingref.time_acquisition = TR - TR / float (num_slices)
slice_timingref.slice_order = list (range (num_slices, 0, -1))
slice_timingref.ref_slice = int (num_slices / 2)
llpipeline.inputs.preproc.smooth.fwhm = [8, 8, 8]

# set up node specific inputs

modelspecref = llpipeline.inputs.analysis.modelspec
modelspecref.input_units = 'scans'
modelspecref.output_units = 'scans'

modelspecref.time_repetition = TR
modelspecref.high_pass_filter_cutoff = 120

lldesignref = llpipeline.inputs.analysis.levelldesign
lldesignref.timing_units = modelspecref.output_units
lldesignref.interscan_interval = modelspecref.time_repetition
lldesignref.microtime_resolution = slice_timingref.num_slices
lldesignref.microtime_onset = slice_timingref.ref_slice
lldesignref.bases = {'hrf': {'derivs': [1, 11}}

The following lines automatically inform SPM to create a default set of contrats for a factorial design.

# lldesignref.factor_info = [dict (name = 'Fame', levels = 2),
# dict (name = 'Rep', levels = 2)]

llpipeline.inputs.analysis.modelspec.subject_info = subjectinfo
llpipeline.inputs.analysis.contrastestimate.contrasts = contrasts
llpipeline.inputs.analysis.threshold.contrast_index = 1

Use derivative estimates in the non-parametric model

llpipeline.inputs.analysis.contrastestimate.use_derivs = True

Setting up parametricvariation of the model

subjectinfo_param = [
Bunch (

conditions=['N1', 'N2', 'F1', 'F2'],

onsets=[sot[0], sot[l], sot[2], sot[3]],

durations=[[0], [0], [01, [01],

amplitudes=None,

tmod=None,

pmod= [
None,
Bunch (name=['"'Lag'], param=itemlag[l].tolist(), poly=[2]), None,
Bunch (name=["'Lag'], param=itemlag[3].tolist (), poly=[2])

] 14

regressor_names=None,

regressors=None)

contl = ('Famous_lagl', 'T', ['F2xLag”1l'l, [11)
cont2 = ('Famous_lag2', 'T', ['F2xLag”2']l, [11)

(continues on next page)
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fcontl = ('Famous Lag', 'F', [contl, cont2])

paramcontrasts = [contl, cont2, fcontl]

paramanalysis = llanalysis.clone (name='paramanalysis')
paramanalysis.inputs.levelldesign.bases = {'hrf': {'derivs': [0, 0]}}
paramanalysis.inputs.modelspec.subject_info = subjectinfo_param
paramanalysis.inputs.contrastestimate.contrasts = paramcontrasts
paramanalysis.inputs.contrastestimate.use_derivs = False

llpipeline.connect (
[ (preproc, paramanalysis,
[('"realign.realignment_parameters', 'modelspec.realignment_parameters'),
(("smooth.smoothed_files', makelist), 'modelspec.functional_runs')])])

32.1.7 Setup the pipeline

The nodes created above do not describe the flow of data. They merely describe the parameters used for each
function. In this section we setup the connections between the nodes such that appropriate outputs from nodes
are piped into appropriate inputs of other nodes.

Use the nipype.pipeline.engine.Pipeline to create a graph-based execution pipeline for first level
analysis. The config options tells the pipeline engine to use workdir as the disk location to use when running
the processes and keeping their outputs. The use_parameterized_dirs tells the engine to create sub-directories
under workdir corresponding to the iterables in the pipeline. Thus for this pipeline there will be subject specific
sub-directories.

The nipype.pipeline.engine.Pipeline.connect function creates the links between the processes,
i.e., how data should flow in and out of the processing nodes.

levell = pe.Workflow (name="levell™)
levell .base_dir = os.path.abspath('spm_face_tutorial/workingdir')

levell.connect ([ (infosource, datasource, [('subject_id', 'subject_id")1),
(datasource, llpipeline,
[("struct', 'preproc.coregister.source'),
('func', 'preproc.realign.in_files')])])

32.1.8 Setup storage results

Usenipype.interfaces.io.DataSink to store selected outputs from the pipeline in a specific location.
This allows the user to selectively choose important output bits from the analysis and keep them.

The first step is to create a datasink node and then to connect outputs from the modules above to storage lo-
cations. These take the following form directory_name[.[ @]subdir] where parts between [] are optional. For
example ‘realign.@mean’ below creates a directory called realign in ‘l1output/subject_id/’ and stores the mean
image output from the Realign process in the realign directory. If the @ is left out, then a sub-directory with the
name ‘mean’ would be created and the mean image would be copied to that directory.

datasink = pe.Node (interface=nio.DataSink (), name="datasink")
datasink.inputs.base_directory = os.path.abspath(
'spm_auditory_tutorial/lloutput')

def getstripdir (subject_id):
import os
return os.path.join(

(continues on next page)
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os.path.abspath ('spm_auditory_tutorial/workingdir'),
' _subject_id_%s' % subject_id)

# store relevant outputs from various stages of the 1st level analysis

levell.connect ([
(infosource, datasink, [('subject_id', 'container'),

(('"subject_id'"', getstripdir), 'strip_dir')]),

(llpipeline, datasink,
pip
[("analysis.contrastestimate.con_images', 'contrasts.@con'),
("analysis.contrastestimate.spmT_images', 'contrasts.@T'),
('paramanalysis.contrastestimate.con_images',

'paramcontrasts.@con'), ('paramanalysis.contrastestimate.spmT_images',

'paramcontrasts.@T')]),

1)

code discussed above sets up all the necessary data structures

opriate parameters and the connectivity between the sses, but does not generate any output. To actually run the

sis on the data the nipype.pipeline.engine.Pipeline.Run

if name == '__ _main

levell.run()
levell .write_graph()

Example source code

You can download the full source code of this example. This same script is also included in

the Nipype source distribution under the examples directory.
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fMRI: SPM nested workflows

The fmri_spm.py integrates several interfaces to perform a first and second level analysis on a two-subject data
set. The tutorial can be found in the examples folder. Run the tutorial from inside the nipype tutorial directory:

python fmri_spm_nested.py

Import necessary modules from nipype.

from _ future  import print_function
from builtins import str

from builtins import range

import os.path as op # system functions

from nipype.interfaces import io as nio # Data i/o

from nipype.interfaces import spm as spm # spm

# from nipype.interfaces import matlab as mlab # how to run matlab
from nipype.interfaces import fsl as fsl # fsl

from nipype.interfaces import utility as niu # utility

from nipype.pipeline import engine as pe # pypeline engine

from nipype.algorithms import rapidart as ra # artifact detection
from nipype.algorithms import modelgen as model # model specification

33.1 Preliminaries

Set any package specific configuration. The output file format for FSL routines is being set to uncompressed
NIFTT and a specific version of matlab is being used. The uncompressed format is required because SPM does
not handle compressed NIFTIL.

# Tell fsl to generate all output in uncompressed nifti format
fsl.FSLCommand.set_default_output_type ('NIFTI")

# Set the way matlab should be called
# mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodesktop —-nosplash")
# mlab.MatlabCommand.set_default_paths ('/software/spm8")
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33.2 lows

In this tutorial we will be setting up a hierarchical workflow for spm analysis. This will demonstrate how pre-
defined workflows can be setup and shared across users, projects and labs. Example of how to inline functions
in connect()

def _template_path(in_data) :
import os.path as op
return op.abspath (op.join(in_data, 'nipype-tutorial/data/Tl.nii'))

33.3 Set-up preprocessing workflow

This is a generic preprocessing workflow that can be used by different analyses

’preproc = pe.Workflow (name='preproc")

A node called inputnode is set to designate the path in which input data are located:

inputnode = pe.Node (
niu.IdentityInterface(fields=['in_data']), name='inputnode')

Usenipype.interfaces. spm.Realign for motion correction and register all images to the mean image.

realign = pe.Node (spm.Realign(), name="realign")
realign.inputs.register_to_mean = True

Use nipype.algorithms.rapidart to determine which of the images in the functional series are outliers
based on deviations in intensity or movement.

art = pe.Node(ra.ArtifactDetect (), name="art")
art.inputs.use_differences = [True, False]
art.inputs.use_norm = True
art.inputs.norm_threshold = 1
art.inputs.zintensity_threshold = 3
art.inputs.mask_type = 'file'
art.inputs.parameter_source = 'SPM'

Skull strip structural images using nipype.interfaces.fsl.BET.

skullstrip = pe.Node (fsl.BET (), name="skullstrip")
skullstrip.inputs.mask = True

Use nipype.interfaces.spm.Coregister to perform a rigid body registration of the functional data
to the structural data.

coregister = pe.Node (spm.Coregister (), name="coregister")
coregister.inputs. jobtype = 'estimate'

Warp functional and structural data to SPM’s T1 template using nipype.interfaces.spm.Normalize.
The tutorial data set includes the template image, T1.nii.

normalize = pe.Node (spm.Normalize (), name="normalize™)

Smooth the functional data using nipype.interfaces.spm.Smooth.

smooth = pe.Node (spm.Smooth (), name="smooth™)
fwhmlist = [4]
smooth.iterables = ('fwhm', fwhmlist)

(continues on next page)
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preproc.connect ([

(inputnode, normalize, [(('in_data', _template_path), 'template')]),

(realign, coregister, |[('mean_image', 'source'), ('realigned_files',
'apply_to_files'") 1),

(coregister, normalize, [ ('coregistered_ files', 'apply_to_files'")]),

(normalize, smooth, [('normalized_ files', '"in_files'")]),

(normalize, skullstrip, [('normalized_source', 'in_ file')]),

(realign, art, [('realignment_parameters', 'realignment_parameters')]),

(normalize, art, [('normalized_files', 'realigned_files')]),

(skullstrip, art, [('mask _file', 'mask_file')]),

33.4 Set up analysis workflow

’llanalysis pe.Workflow (name="analysis')

Generate SPM-specific design information using nipype.interfaces.spm.SpecifyModel.

modelspec = pe.Node (model.SpecifySPMModel (), name="modelspec")
modelspec.inputs.concatenate_runs = True

Generate a first level SPM.mat file for analysis nipype.interfaces.spm.LevellDesign.

levelldesign = pe.Node (spm.LevellDesign (), name="levelldesign")
levelldesign.inputs.bases = {'hrf': {'derivs': [0, O0]}}

Use nipype.interfaces.spm.EstimateModel to determine the parameters of the model.

levellestimate = pe.Node (spm.EstimateModel (), name="levellestimate")
levellestimate.inputs.estimation_method = {'Classical': 1}

Use nipype.interfaces.spm.EstimateContrast to estimate the first level contrasts specified in a
few steps above.

contrastestimate = pe.Node (spm.EstimateContrast (), name="contrastestimate")

Use :class: nipype.interfaces.utility.Select to select each contrast for reporting.

’selectcontrast = pe.Node (niu.Select (), name="selectcontrast")

Use nipype.interfaces.fsl.Overlay to combine the statistical output of the contrast estimate and a
background image into one volume.

overlaystats = pe.Node(fsl.Overlay (), name="overlaystats")
overlaystats.inputs.stat_thresh = (3, 10)
overlaystats.inputs.show_negative_stats = True
overlaystats.inputs.auto_thresh_lbg

True

Use nipype.interfaces.fsl.Slicer to create images of the overlaid statistical volumes for a report
of the first-level results.

slicestats

pe.Node (fsl.Slicer (), name="slicestats")
slicestats.inputs.all_axial = True
slicestats.inputs.image_width = 750

llanalysis.connect ([ (modelspec, levelldesign,
[("session_info',
'session_info')]), (levelldesign, levellestimate,

(continues on next page)
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[("spm_mat_file', 'spm_mat_file')]),
(levellestimate, contrastestimate,
[("spm_mat_file', 'spm_mat_file'), ('beta_images',
'beta_images'),
('residual_image',
'residual_image')]), (contrastestimate, selectcontrast,
[ ("spmT_images', 'inlist')]),
(selectcontrast, overlaystats,
[("out', 'stat_image')]), (overlaystats, slicestats,
[('out_file', 'in_file')]1)1])

33.5 Preproc + Analysis pipeline

llpipeline = pe.Workflow(name='firstlevel')
llpipeline.connect ([
(preproc, llanalysis,
[('realign.realignment_parameters', 'modelspec.realignment_parameters'),
('smooth.smoothed_files',
'modelspec.functional_runs'), ('art.outlier_ files',
'modelspec.outlier_files'),
("skullstrip.mask_file',
'levelldesign.mask_image'), ('normalize.normalized_source',
'overlaystats.background_image') 1),

33.6 Data specific components

The nipype tutorial contains data for two subjects. Subject data is in two subdirectories, s1 and s2. Each
subject directory contains four functional volumes: f3.nii, f5.nii, f7.nii, f10.nii. And one anatomical volume
named struct.nii.

Below we set some variables to inform the dat asource about the layout of our data. We specify the location
of the data, the subject sub-directories and a dictionary that maps each run to a mnemonic (or field) for the run
type (struct or func). These fields become the output fields of the datasource node in the pipeline.

In the example below, run ‘f3’ is of type ‘func’ and gets mapped to a nifti filename through a template ‘%s.nii’.
So ‘f3’ would become ‘f3.nii’.

# Specify the subject directories
subject_list = ['sl', 's3']
# Map field names to individual subject runs.

info = dict (
func=[['subject_id', ['£f3', 'f5', 'f£7', 'f10'111,
struct=[['"'subject_id', 'struct']])

infosource = pe.Node (
niu.IdentityInterface(fields=["'subject_id']), name="infosource")

Here we set up iteration over all the subjects. The following line is a particular example of the flexibility of the
system. The datasource attribute iterables tells the pipeline engine that it should repeat the analysis
on each of the items in the subject_list. In the current example, the entire first level preprocessing and
estimation will be repeated for each subject contained in subject_list.

infosource.iterables = ('subject_id', subject_list)

396 Chapter 33. fMRI: SPM nested workflows



nipype Documentation, Release 1.1.0

Now we create a nipype.interfaces.io.DataGrabber object and fill in the information from above
about the layout of our data. The nipype.pipeline.NodeWrapper module wraps the interface object
and provides additional housekeeping and pipeline specific functionality.

datasource = pe.Node (
nio.DataGrabber (infields=["'subject_1id'], outfields=['func', 'struct']),
name="'datasource"')
datasource.inputs.template = 'nipype-tutorial/data/%s/%s.nii’
datasource.inputs.template_args = info
datasource.inputs.sort_filelist = True

33.7 Experimental paradigm specific components

Here we create a function that returns subject-specific information about the experimental paradigm. This is
used by the nipype.interfaces.spm.SpecifyModel to create the information necessary to generate
an SPM design matrix. In this tutorial, the same paradigm was used for every participant.

def subjectinfo (subject_id):
from nipype.interfaces.base import Bunch
from copy import deepcopy

print ("Subject ID: \n" % str(subject_id))
output = []
names = ['Task-0dd', 'Task-Even']
for r in range (4):
onsets = [list(range (15, 240, 60)), list(range (45, 240, 60))]
output.insert (r,
Bunch (

conditions=names,
onsets=deepcopy (onsets),
durations=[[15] for s in names],
amplitudes=None,
tmod=None,
pmod=None,
regressor_names=None,
regressors=None) )

return output

Setup the contrast structure that needs to be evaluated. This is a list of lists. The inner list specifies the contrasts
and has the following format - [Name,Stat,[list of condition names],[weights on those conditions]. The condition
names must match the names listed in the subjectinfo function described above.

contl = ('Task>Baseline', 'T', ['Task-0dd', 'Task-Even'], [0.5, 0.5])
cont2 = ('Task-0dd>Task-Even', 'T', ['Task-0dd', 'Task-Even'], [1, -11])
contrasts = [contl, cont2]

# set up node specific inputs

modelspecref = llpipeline.inputs.analysis.modelspec
modelspecref.input_units = 'secs'
modelspecref.output_units = 'secs'
modelspecref.time_repetition = 3.
modelspecref.high_pass_filter_cutoff = 120

lldesignref = llpipeline.inputs.analysis.levelldesign
lldesignref.timing_units = modelspecref.output_units
lldesignref.interscan_interval = modelspecref.time_repetition

llpipeline.inputs.analysis.contrastestimate.contrasts = contrasts

(continues on next page)
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# Iterate over each contrast and create report images.
selectcontrast.iterables = ('index', [[i] for i1 in range(len(contrasts))])

The nodes created above do not describe the flow of data. They merely describe the parameters used for
each function. In this section we setup the connections between the nodes such that appropriate outputs from
nodes are piped into appropriate inputs of other nodes. Use the nipype.pipeline.engine.Pipeline
to create a graph-based execution pipeline for first level analysis. The config options tells the pipeline en-
gine to use workdir as the disk location to use when running the processes and keeping their outputs. The
use_parameterized_dirs tells the engine to create sub-directories under workdir corresponding to the iterables
in the pipeline. Thus for this pipeline there will be subject specific The nipype.pipeline.engine.
Pipeline.connect function creates the links between the processes, i.e., how data should flow in and out
of

levell = pe.Workflow(name="levell")
levell.base_dir = op.abspath('spm_tutorial2/workingdir")

levell.connect ([
(inputnode, datasource, [('in_data', 'base_directory')]),
(infosource, datasource, [('subject_id', 'subject_id")]1),
(datasource, llpipeline, [('func', 'preproc.realign.in_files'"),
('"struct', 'preproc.coregister.target'),
("struct', 'preproc.normalize.source')]),
(('subject_id'"', subjectinfo),
'analysis.modelspec.subject_info')]),

(infosource, llpipeline, [

33.8 Setup storage results

Usenipype.interfaces.io.DataSink to store selected outputs from the pipeline in a specific location.
This allows the user to selectively choose important output bits from the analysis and keep them.

The first step is to create a datasink node and then to connect outputs from the modules above to storage lo-
cations. These take the following form directory_name[.[ @]subdir] where parts between [] are optional. For
example ‘realign.@mean’ below creates a directory called realign in ‘l11output/subject_id/” and stores the mean
image output from the Realign process in the realign directory. If the @ is left out, then a sub-directory with the
name ‘mean’ would be created and the mean image would be copied to that directory.

datasink = pe.Node (nio.DataSink (), name="datasink")
datasink.inputs.base_directory = op.abspath('spm_tutorial2/lloutput')
report = pe.Node (nio.DataSink (), name='report')
report.inputs.base_directory = op.abspath('spm_tutorial2/report')
report.inputs.parameterization = False

def getstripdir (subject_id):
import os.path as op
return op. join(
op.abspath ('spm_tutorial2/workingdir'), '_subject_id_%s' % subject_id)

# store relevant outputs from various stages of the 1st level analysis
levell.connect ([
(infosource, datasink, [('subject_id', 'container'),
(('subject_id', getstripdir), 'strip_dir')]),

(continues on next page)
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(llpipeline, datasink,
[("analysis.contrastestimate.con_images', 'contrasts.@con'),
("analysis.contrastestimate.spmT_images', 'contrasts.@T')]),

(infosource, report, [('subject_id', 'container'),
(('"subject_id'"', getstripdir), 'strip_dir')]),
(llpipeline, report, [('analysis.slicestats.out_file', '@report')]),

1)

code discussed above sets up all the necessary data structures

opriate parameters and the connectivity between the sses, but does not generate any output. To actually run the
sis on the data the nipype.pipeline.engine.Pipeline.Run

if name == "'__main__ ':
levell.run('MultiProc")
levell . write_graph ()

33.9 Setup level 2 pipeline

Use nipype.interfaces.io.DataGrabber to extract the contrast images across a group of first level
subjects. Unlike the previous pipeline that iterated over subjects, this pipeline will iterate over contrasts.

# collect all the con images for each contrast.

contrast_ids = list (range(l, len(contrasts) + 1))

12source = pe.Node (nio.DataGrabber (infields=['fwhm', 'con']), name="12source")
# we use .+i* to capture both .img (SPM8) and .nii (SPMI12)
12source.inputs.template = op.abspath (

'spm_tutorial2/lloutput/*/con*/*/_fwhm_$d/con_ Lx1x ")
# iterate over all contrast images
12source.iterables = [('fwhm', fwhmlist), ('con', contrast_ids)]
12source.inputs.sort_filelist = True

Use nipype.interfaces.spm.OneSampleTTestDesign to perform a simple statistical analysis of
the contrasts from the group of n this example).

# setup a l-sample t-test node
onesamplettestdes = pe.Node (spm.OneSampleTTestDesign (), name="onesampttestdes")

l2estimate = pe.Node (spm.EstimateModel (), name="levellestimate™)
l2estimate.inputs.estimation_method = {'Classical': 1}

l2conestimate = pe.Node (spm.EstimateContrast (), name="levelZconestimate™)
contl = ('Group', 'T', ['mean']l, [11)

l2conestimate.inputs.contrasts = [contl]
l2conestimate.inputs.group_contrast = True

As before, we setup a pipeline to connect these two nodes (12source lettest).

12pipeline = pe.Workflow (name="level2")
12pipeline.base_dir = op.abspath('spm_tutorial2/l2output")
12pipeline.connect ([
(12source, onesamplettestdes, [('outfiles', 'in_ files')]),
(onesamplettestdes, l2estimate, [('spm_mat_ file', 'spm mat_file')]),
(12estimate, 1l2conestimate,
[("spm_mat_file', 'spm_mat_file'), ('beta_images', 'beta_images'),
('residual_image', 'residual_image')]),
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33.10 Execute the second level pipeline

if name == '__main '

12pipeline.run('MultiProc')

Example source code

You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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HOWTO: Using caching without using Workflow

Using nipype in an imperative way: caching without workflow

Note that in the following example, we are calling command-lines with disk I/O that persists across runs, but we
never have to worry about the file names or the directories.

The disk location of the persistence is encoded by hashes. To find out where an operation has been persisted,
simply look in it’s output variable:

out.runtime.cwd

from nipype.interfaces import fsl
fsl.FSLCommand.set_default_output_type ('NIFTI")

from nipype.caching import Memory
import glob

# First retrieve the list of files that we want to work upon
in_files = glob.glob('data/+/£f3.nii")

# Create a memory context
mem = Memory ('.')

# Apply an arbitrary (and pointless, here) threshold to the files)
threshold = [

mem.cache (fsl.Threshold) (in_file=f, thresh=i)

for i, f in enumerate(in_files)

# Merge all these files along the time dimension
out_merge = mem.cache (fsl.Merge) (

dimension="t",

in_files=[t.outputs.out_file for t in threshold],
)
# And finally compute the mean
out_mean = mem.cache (fsl.MeanImage) (in_file=out_merge.outputs.merged_file)

# To avoid having increasing disk size we can keep only what was touched

(continues on next page)
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# 1in this run
# mem.clear_previous_runs ()

# or what wasn't used since the start of 2011
# mem.clear_runs_since (year=2011)

Example source code
You can download the full source code of this example. This same script is also included in

the Nipype source distribution under the examples directory.
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rsfMRI: ANTS, FS, FSL, SPM, aCompCor

A preprocessing workflow for Siemens resting state data.
This workflow makes use of:

¢ ANTS

* FreeSurfer

* FSL

* SPM

e CompCor
For example:

python rsfmri_preprocessing.py -d /data/12345-34-1.dcm —-f /data/Resting.nii
-s subj001l -o output -p PBS --plugin_args "dict (gsub_args='-qg many')"

or

python rsfmri_vol_surface_preprocessing.py —-f SUB_1024011/E?/func/rest.nii
-t OASIS-30_Atropos_template_in_ MNI152_ 2mm.nii.gz --TR 2 -s SUB_1024011
—--subjects_dir fsdata —--slice_times 0 17 1 18 2 19 3 20 4 21 5 22 6 23
7 24 8 25 9 26 10 27 11 28 12 29 13 30 14 31 15 32 16 -o

This workflow takes resting timeseries and a Siemens dicom file corresponding to it and preprocesses it to
produce timeseries coordinates or grayordinates.
This workflow also requires 2mm subcortical atlas and templates that are available from:
http://mindboggle.info/data.html
specifically the 2mm versions of:

* Joint Fusion Atlas

e MNI template

from _ future  import division, unicode_literals
from builtins import open, range, str

import os

from nipype.interfaces.base import CommandLine
CommandLine.set_default_terminal_output ('allatonce')

from dicom import read_file

(continues on next page)
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from nipype.interfaces import (spm, fsl, Function, ants, freesurfer)
from nipype.interfaces.c3 import C3dAffineTool

fsl.FSLCommand.set_default_output_type ('NIFTI")

from nipype import Workflow, Node, MapNode
from nipype.interfaces import matlab as mlab

mlab.MatlabCommand.set_default_matlab_cmd("matlab -nodisplay")
# If SPM is not in your MATLAB path you should add it here
# mlab.MatlabCommand.set_default_paths ('/software/matlab/spml2")

from nipype.algorithms.rapidart import ArtifactDetect

from nipype.algorithms.misc import TSNR, CalculateMedian

from nipype.interfaces.utility import Rename, Merge, IdentityInterface
from nipype.utils.filemanip import filename_to_list

from nipype.interfaces.io import DataSink, FreeSurferSource

import numpy as np
import scipy as sp
import nibabel as nb

imports = [
'"import os', 'import nibabel as nb', 'import numpy as np',
'import scipy as sp',
'from nipype.utils.filemanip import filename_to_list, list_to_filename, split_
—filename',
'from scipy.special import legendre'

def get_info(dicom_files):
from dcmstack.extract import default_extractor
"""Given a Siemens dicom file return metadata

Returns

RepetitionTime

Slice Acquisition Times

Spacing between slices

mmmn

meta = default_extractor (

read_file(

filename_to_list (dicom_files) [0],
stop_before_pixels=True,
force=True))

return (metal['RepetitionTime'] / 1000., meta['Csalmage.MosaicRefAcqTimes'],
metal['SpacingBetweenSlices'])

def median (in_files) :
"""Computes an average of the median of each realigned timeseries

Parameters

(continues on next page)
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def

in files: one or more realigned Nifti 4D time series

Returns

out_file: a 3D Nifti file

mmn

import numpy as np

import nibabel as nb

from nipype.utils import NUMPY_MMAP

average = None

for idx, filename in enumerate (filename_to_list (in_files)):
img = nb.load(filename, mmap=NUMPY_MMAP)

data = np.median(img.get_data (), axis=3)
if average is None:

average = data
else:

average = average + data

median_img = nb.NiftilImage (average / float (idx + 1), img.affine,
img.header)

filename = os.path.join(os.getcwd (), 'median.nii.gz')

median_img.to_filename (filename)

return filename

bandpass_filter (files, lowpass_freq, highpass_freq, fs):
"""Bandpass filter the input files

Parameters
files: 1list of 4d nifti files
lowpass_freq: cutoff frequency for the low pass filter (in Hz)
highpass_freqg: cutoff frequency for the high pass filter (in Hz)
fs: sampling rate (in Hz)
from nipype.utils.filemanip import split_filename, list_to_filename
import numpy as np
import nibabel as nb
from nipype.utils import NUMPY_MMAP
out_files = []
for filename in filename_to_list (files):
path, name, ext = split_filename (filename)
out_file = os.path.join(os.getcwd (), name + '_bp' + ext)
img = nb.load(filename, mmap=NUMPY_MMAP)
timepoints = img.shape[-1]
F = np.zeros((timepoints))
lowidx = int (timepoints / 2) + 1
if lowpass_freq > 0:
lowidx = np.round(lowpass_freq / fs * timepoints)
highidx = 0
if highpass_freqg > 0:
highidx = np.round(highpass_freq / fs * timepoints)
F[highidx:lowidx] = 1
F = ((F + F[::-1]) > 0) .astype(int)
data = img.get_data()
if np.all(F == 1):
filtered_data = data

(continues on next page)
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def

def

else:
filtered_data = np.real(np.fft.ifftn(np.fft.fftn(data) » F))
img_out = nb.NiftilImage (filtered_data, img.affine, img.header)
img_out.to_filename (out_file)
out_files.append (out_file)
return list_to_filename (out_files)

motion_regressors (motion_params, order=0, derivatives=1):
"""Compute motion regressors upto given order and derivative

motion + d(motion)/dt + d2(motion)/dt2 (linear + quadratic)

mmn

import numpy as np

out_files = []

for idx, filename in enumerate(filename_to_list (motion_params)) :

params = np.genfromtxt (filename)
out_params = params
for d in range(l, derivatives + 1):

cparams = np.vstack ((np.repeat (params[0, :][None, :], d, axis=0),

params) )

out_params = np.hstack((out_params, np.diff (cparams, d, axis=0)))
out_params2 = out_params
for i in range (2, order + 1):

out_params2 = np.hstack ((out_params2, np.power (out_params, 1i)))
filename = os.path.join(os.getcwd (), "motion_regressorc02Zd.txt" % idx)
np.savetxt (filename, out_params2, fmt=b"e.10f")

out_files.append (filename)
return out_files

build_filterl (motion_params, comp_norm, outliers, detrend_poly=None) :
"""Builds a regressor set comprisong motion parameters, composite norm and
outliers

The outliers are added as a single time point column for each outlier

Parameters

motion_params: a text file containing motion parameters and its derivatives
comp_norm: a text file containing the composite norm

outliers: a text file containing O-based outlier indices

detrend _poly: number of polynomials to add to detrend

Returns

components_file: a text file containing all the regressors

mmmn

import numpy as np

import nibabel as nb

from scipy.special import legendre

out_files = []

for idx, filename in enumerate (filename_to_list (motion_params)) :
params = np.genfromtxt (filename)
norm_val = np.genfromtxt (filename_to_list (comp_norm) [idx])

(continues on next page)
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def

out_params = np.hstack((params, norm_val[:, None]))
try:
outlier_val = np.genfromtxt (filename_to_list (outliers) [idx])
except IOError:
outlier_val = np.empty ((0))
for index in np.atleast_ld(outlier_val):

outlier_vector = np.zeros((out_params.shape[0], 1))

outlier_vector[index] = 1

out_params = np.hstack((out_params, outlier_vector))
if detrend_poly:

timepoints = out_params.shape[0]

X = np.empty ((timepoints, 0))
for i in range (detrend_poly):
X = np.hstack ((X, legendre(i + 1) (np.linspace(

-1, 1, timepoints))[:, None]))
out_params = np.hstack ((out_params, X))
filename = os.path.join(os.getcwd (), "filter regressorc0’Zd.txt" % idx)

np.savetxt (filename, out_params, fmt=b"2.101")
out_files.append (filename)
return out_files

extract_noise_components (realigned_file,
mask_file,
num_components=5,
extra_regressors=None) :

"""Derive components most reflective of physiological noise

Parameters

realigned file: a 4D Nifti file containing realigned volumes
mask_file: a 3D Nifti file containing white matter + ventricular masks
num_components: number of components to use for noise decomposition
extra_regressors: additional regressors to add

components_file: a text file containing the noise components
mmmn
from scipy.linalg.decomp_svd import svd
import numpy as np
import nibabel as nb
from nipype.utils import NUMPY_MMAP
import os
imgseries = nb.load(realigned_file, mmap=NUMPY_MMAP)
components = None
for filename in filename_to_list (mask_file):
mask = nb.load(filename, mmap=NUMPY_MMAP) .get_data ()
if len(np.nonzero(mask > 0)[0]) == 0:

continue
voxel_timecourses = imgseries.get_data () [mask > 0]

Il
o

voxel_timecourses[np.isnan (np.sum(voxel_timecourses, axis=1l)), :]
# remove mean and normalize by variance

# voxel_timecourses.shape == [nvoxels, time]

X = voxel_timecourses.T

stdX = np.std(X, axis=0)

stdX[stdX == 0] = 1.

(continues on next page)

407




nipype Documentation, Release 1.1.0

(continued from previous page)

def

def

def

stdX[np.isnan(stdX)] = 1.
stdX[np.isinf (stdX)] = 1.
X = (X - np.mean (X, axis=0)) / stdX
u, _, _ = svd(X, full_matrices=False)
if components is None:
components = ul[:, :num_components]
else:
components = np.hstack ((components, ul[:, :num_components]))

if extra_regressors:

regressors = np.genfromtxt (extra_regressors)

components = np.hstack ((components, regressors))
components_file = os.path.join(os.getcwd(), 'noise_components.txt')
np.savetxt (components_file, components, fmt=b"%.10f")
return components_file

rename (in_files, suffix=None) :

from nipype.utils.filemanip import (filename_to_list, split_filename,
list_to_filename)

out_files = []

for idx, filename in enumerate (filename_to_list (in_files)):

_, name, ext = split_filename (filename)
if suffix is None:

out_files.append(name + ('_203d" % idx) + ext)
else:

out_files.append(name + suffix + ext)
return list_to_filename (out_files)

get_aparc_aseg (files):
"""Return the aparc+aseg.mgz file"""
for name in files:
if 'aparct+aseg.mgz' in name:
return name
raise ValueError ('aparct+aseg.mgz not found')

extract_subrois(timeseries_file, label_file, indices):
"""Extract voxel time courses for each subcortical roi index

Parameters

timeseries_file: a 4D Nifti file
label_file: a 3D file containing rois in the same space/size of the 4D file
indices: a list of indices for ROIs to extract.

Returns

out_file: a text file containing time courses for each voxel of each roi
The first four columns are: freesurfer index, 1, j, k positions in the
label file

mmnm

from nipype.utils.filemanip import split_filename

import nibabel as nb

from nipype.utils import NUMPY_MMAP

import os

(continues on next page)
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def

def

img = nb.load(timeseries_file, mmap=NUMPY_MMAP)
data = img.get_data/()
roiimg = nb.load(label_file, mmap=NUMPY_MMAP)

rois = roiimg.get_data()
prefix = split_filename (timeseries_file) [1]
out_ts_file = os.path.join(os.getcwd (), '$s_subcortical ts.txt' % prefix)

with open(out_ts_file, 'wt') as fp:
for fsindex in indices:
ijk = np.nonzero(rois == fsindex)
ts = datal[ijk]
for i0, row in enumerate (ts):

fp.write('%d, 8d, ¢d, ¢d, " % (
fsindex, ijk[0][i0], ijk[1][i07],
1jk[2][1i0]) + ', '".Join(['%.10f" % val

for val in row]) + '\n')
return out_ts file

combine_hemi (left, right):

"""Combine left and right hemisphere time series into a single text file
mmmn

import os

import numpy as np

from nipype.utils import NUMPY_MMAP

lh_data = nb.load(left, mmap=NUMPY_MMAP) .get_data()

rh_data = nb.load(right, mmap=NUMPY_MMAP) .get_data ()

indices = np.vstack((1000000 + np.arange (0, lh_data.shape[0O])[:, None],
2000000 + np.arange (0, rh_data.shape[0])[:, None]))
all_data = np.hstack((indices,
np.vstack ((lh_data.squeeze (), rh_data.squeeze()))))
filename = left.split('.")[1l] + '_combined.txt'
np.savetxt (
filename,
all_data,
fmt=","'.Join(['2d"'"] + ['%.10f"'] * (all_data.shape[l] - 1)))

return os.path.abspath(filename)

create_reg_workflow (name='registration'):
"""Create a FEAT preprocessing workflow together with freesurfer

Parameters
name : name of workflow (default: 'registration')

Inputs::
inputspec.source_files : files (filename or list of filenames to register)
inputspec.mean_image : reference image to use
inputspec.anatomical_image : anatomical image to coregister to
inputspec.target_image : registration target

Outputs::
outputspec. funcZanat_transform : FLIRT transform

(continues on next page)
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outputspec.anatltarget_transform : FLIRT+FNIRT transform

outputspec.transformed_files : transformed files in target space
outputspec.transformed_mean : mean image in target space

mrnm

register = Workflow (name=name)

inputnode = Node (
interface=IdentityInterface (fields=]|
'source_files', 'mean_image', 'subject_id', 'subjects_dir',
'target_image'
1)y

name="'"inputspec")

outputnode = Node (
interface=IdentityInterface (fields=|[
'func2anat_transform', 'out_reg_file', 'anat2target_transform',
'transforms', 'transformed_mean', 'segmentation_files',
'anat2target', 'aparc'
1)y

name='outputspec')

# Get the subject's freesurfer source directory

fssource = Node (FreeSurferSource (), name='fssource')
fssource.run_without_submitting = True

register.connect (inputnode, 'subject_id', fssource, 'subject_id")
register.connect (inputnode, 'subjects_dir', fssource, 'subjects_dir')

convert = Node (freesurfer.MRIConvert (out_type='nii'), name="convert™)
register.connect (fssource, 'T1l', convert, 'in_ file')

# Coregister the median to the surface

bbregister = Node (freesurfer.BBRegister (), name='bbregister')
bbregister.inputs.init = 'fsl'

bbregister.inputs.contrast_type = 't2'

bbregister.inputs.out_fsl _file = True

bbregister.inputs.epi_mask = True

register.connect (inputnode, 'subject_id', bbregister, 'subject_id")
register.connect (inputnode, 'mean_image', bbregister, 'source_ file')
register.connect (inputnode, 'subjects_dir', bbregister, 'subjects_dir'")
Estimate the tissue classes from the anatomical image. But use spm's segment
as FSL appears to be breaking.

mon

stripper = Node (fsl.BET (), name='stripper')
register.connect (convert, 'out_file', stripper, 'in_file')
fast = Node(fsl.FAST (), name='fast')

register.connect (stripper, 'out_file', fast, 'in_files')

mon

Binarize the segmentation

mon

binarize = MapNode (
fsl.ImageMaths (op_string='-nan —-thr 0.9 -ero -bin'"),
iterfield=["in_file'],
name="'binarize')

(continues on next page)
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register.connect (fast, 'partial volume_files', binarize, 'in_file')

mon

Apply inverse transform to take segmentations to functional space

mon

applyxfm = MapNode (
freesurfer.ApplyVolTransform(inverse=True, interp='nearest'),
iterfield=["'target_file'],
name="'inverse_transform')
register.connect (inputnode, 'subjects_ dir', applyxfm, 'subjects_dir')
register.connect (bbregister, 'out_reg_file', applyxfm, 'reg_file')
register.connect (binarize, 'out_file', applyxfm, 'target_file')
register.connect (inputnode, 'mean_ image', applyxfm, 'source_ file')

mon

Apply inverse transform to aparc file

moon

aparcxfm = Node (
freesurfer.ApplyVolTransform(inverse=True, interp='nearest'),
name='"aparc_inverse_transform')
register.connect (inputnode, 'subjects_dir', aparcxfm, 'subjects_dir')
register.connect (bbregister, 'out_reg file', aparcxfm, 'reg file')
register.connect (fssource, ('aparc_aseg', get_aparc_aseqg), aparcxfm,
'target_file'")
register.connect (inputnode, 'mean_ image', aparcxfm, 'source_ file')

mon

Convert the BBRegister transformation to ANTS ITK format

mon

convert2itk = Node (C3dAffineTool (), name='convert2itk'")
convert2itk.inputs.fsl2ras = True

convert2itk.inputs.itk_transform = True

register.connect (bbregister, 'out_fsl_ file', convert2itk, 'transform file')
register.connect (inputnode, 'mean image', convert2itk, 'source_ file')
register.connect (stripper, 'out_file', convert2itk, 'reference_ file')
mmnm

Compute registration between the subject's structural and MNI template
This is currently set to perform a very quick registration. However, the
registration can be made significantly more accurate for cortical
structures by increasing the number of iterations

All parameters are set using the example from:
#https://github.com/stnava/ANTs/blob/master/Scripts/newAntsExample. sh

mon

reg = Node (ants.Registration(), name='antsRegister')

reg.inputs.output_transform_prefix = "output_"

reg.inputs.transforms = ['Rigid', 'Affine', 'SyN']
reg.inputs.transform_parameters = [(0.1, ), (0.1, ), (0.2, 3.0, 0.0)]
reg.inputs.number_of_iterations = [[10000, 11110, 1111011 = 2 + [I[

100, 30, 20
11

reg.inputs.dimension = 3
reg.inputs.write_composite_transform = True
reg.inputs.collapse_output_transforms = True
reg.inputs.initial_moving_transform_com = True
reg.inputs.metric = ['Mattes'] * 2 + [['Mattes', 'CC']]
reg.inputs.metric_weight = [1] = 2 + [[0.5, 0.5]]

(continues on next page)
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mon

Concatenate the affine and ants transforms into a 1list
mmmn

mon

Transform the mean image.

mmon

return register

reg.inputs.radius_or_number_of_bins = [32] = 2 + [[32, 4]]
reg.inputs.sampling_strategy = ['Regular'] = 2 + [[None, None]]
reg.inputs.sampling_percentage = [0.3] * 2 + [[None, None]]
reg.inputs.convergence_threshold = [1.e-8] % 2 + [-0.01]
reg.inputs.convergence_window_size = [20] = 2 + [5]
reg.inputs.smoothing_sigmas = [[4, 2, 1]] = 2 + [[1, 0.5, O]]
reg.inputs.sigma_units = ['vox'] % 3

reg.inputs.shrink_factors = [[3, 2, 111 = 2 + [[4, 2, 11]
reg.inputs.use_estimate_learning_rate_once = [True] x 3
reg.inputs.use_histogram _matching = [False] x 2 + [True]
reg.inputs.winsorize_lower_quantile = 0.005
reg.inputs.winsorize_upper_quantile = 0.995

reg.inputs.float = True

reg.inputs.output_warped_image = 'output_warped_image.nii.gz'
reg.inputs.num_threads = 4

reg.plugin_args = {'gsub_args': '-1 nodes=1l:ppn=4"}
register.connect (stripper, 'out_file', reg, 'moving_image')
register.connect (inputnode, 'target_image', reg, 'fixed_image')

merge = Node (Merge(2), iterfield=["'in2'], name='mergexfm')
register.connect (convert2itk, 'itk transform', merge, 'in2'")
register.connect (reg, 'composite transform', merge, 'inl')

First to anatomical and then to target

warpmean = Node (ants.ApplyTransforms (), name='warpmean')

warpmean.inputs.input_image_type = 3

warpmean. inputs.interpolation = 'Linear'

warpmean. inputs.invert_transform_flags = [False, False]

warpmean.terminal_output = 'file'

warpmean. inputs.args = '—-—float'

warpmean. inputs.num_threads = 4

register.connect (inputnode, 'target_image', warpmean, 'reference_image')

register.connect (inputnode, 'mean_ image', warpmean, 'input_image')

register.connect (merge, 'out', warpmean, 'transforms')

won

Assign all the output files

won

register.connect (reg, 'warped_image', outputnode, 'anatZ2target')

register.connect (warpmean, 'output_image', outputnode, 'transformed_mean')

register.connect (applyxfm, 'transformed_file', outputnode,
'segmentation_files')

register.connect (aparcxfm, 'transformed_file', outputnode, 'aparc')

register.connect (bbregister, 'out_fsl_ file', outputnode,
'func2anat_transform')

register.connect (bbregister, 'out_reg_file', outputnode, 'out_reg_file')

register.connect (reg, 'composite_ transform', outputnode,
'anat2target_transform')

register.connect (merge, 'out', outputnode, 'transforms')
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Creates the main preprocessing workflow

def create_workflow(files,

target_file,

subject_id,

TR,

slice_times,
norm_threshold=1,
num_components=5,
vol_fwhm=None,
surf_fwhm=None,
lowpass_freqg=-1,
highpass_freg=-1,
subjects_dir=None,
sink_directory=os.getcwd(),
target_subject=['fsaverage3', 'fsaveraged'],
name='resting') :

wf = Workflow (name=name)

# Rename files in case they are named identically
name_unique = MapNode (
Rename (format_string='rest_ % (run)02d"),
iterfield=["'in_file', 'run'],
name="'rename')
name_unique.inputs.keep_ext = True
name_unique.inputs.run = list (range(l, len(files) + 1))
name_unique.inputs.in_file = files

realign = Node (interface=spm.Realign(), name="realign")
realign.inputs. jobtype = 'estwrite'

num_slices = len(slice_times)

slice_timing = Node (interface=spm.SliceTiming (), name="slice_timing")
slice_timing.inputs.num_slices = num_slices
slice_timing.inputs.time_repetition = TR
slice_timing.inputs.time_acquisition = TR - TR / float (num_slices)
slice_timing.inputs.slice_order = (np.argsort(slice_times) + 1).tolist ()
slice_timing.inputs.ref_slice = int (num_slices / 2)

# Comute TSNR on realigned data regressing polynomials upto order 2
tsnr = MapNode (TSNR (regress_poly=2), iterfield=['in_file'], name='tsnr')
wf.connect (slice_timing, 'timecorrected files', tsnr, 'in file')

# Compute the median image across runs

calc_median = Node (CalculateMedian (), name='median')
wf.connect (tsnr, 'detrended_file', calc_median, 'in_files'")
"""Segment and Register

mmon

registration = create_reg_workflow (name='registration')

wf.connect (calc_median, 'median_ file', registration,
'inputspec.mean_image')

registration.inputs.inputspec.subject_id = subject_id

registration.inputs.inputspec.subjects_dir = subjects_dir

registration.inputs.inputspec.target_image = target_file

"""Use :class: nipype.algorithms.rapidart® to determine which of the

images in the functional series are outliers based on deviations in

(continues on next page)
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intensity or movement.

mon

art = Node (interface=ArtifactDetect (), name="art")

art.inputs.use_differences = [True, True]

art.inputs.use_norm = True

art.inputs.norm_threshold = norm_threshold

art.inputs.zintensity_threshold = 9

art.inputs.mask_type = 'spm_global'

art.inputs.parameter_source = 'SPM'

"""Here we are connecting all the nodes together. Notice that we add the_
—merge node only if you choose

to use 4D. Also ‘get_vox _dims’' function 1is passed along the input volume of_
—normalise to set the optimal

voxel sizes.

mon

wf.connect ([

(name_unique, realign, [('out_file', 'in files')]),

(realign, slice_timing, [('realigned_ files', 'in_files')]),
(slice_timing, art, [('timecorrected_files', 'realigned_files')]),
(realign, art, [('realignment_parameters', 'realignment_parameters')]),

def selectindex (files, 1idx):
import numpy as np
from nipype.utils.filemanip import filename_to_list, list_to_filename
return list_to_filename (
np.array(filename_to_list (files)) [idx].tolist ())

mask = Node (fsl.BET (), name='getmask')
mask.inputs.mask = True
wf.connect (calc_median, 'median_file', mask, 'in_file'")

# get segmentation in normalized functional space

def merge_files(inl, in2):
out_files = filename_to_list (inl)
out_files.extend(filename_to_list (in2))
return out_files

# filter some noise

# Compute motion regressors
motreg = Node (
Function (
input_names=['motion_params', 'order', 'derivatives'],
output_names=['out_files'],
function=motion_regressors,
imports=imports),
name='getmotionregress')
wf.connect (realign, 'realignment_parameters', motreg, 'motion_params')

# Create a filter to remove motion and art confounds
createfilterl = Node (
Function (
input_names=[

(continues on next page)

414

Chapter 35. rsfMRI: ANTS, FS, FSL, SPM, aCompCor




nipype Documentation, Release 1.1.0

(continued from previous page)

'motion_params', 'comp_norm', 'outliers', 'detrend_poly'
]I
output_names=['out_files'],
function=build_filterl,
imports=imports),
name="'makemotionbasedfilter"')
createfilterl.inputs.detrend _poly = 2
wf.connect (motreg, 'out_files', createfilterl, 'motion_params')
wf.connect (art, 'norm files', createfilterl, 'comp_norm')
wf.connect (art, 'outlier_files', createfilterl, 'outliers')

filterl = MapNode (

fsl.GLM(
out_f_name='F_mcart.nii', out_pf_name='pF_mcart.nii', demean=True),
iterfield=['in_file', 'design', 'out_res_name'],

name='filtermotion")

wf.connect (slice_timing, 'timecorrected files', filterl, 'in_file')

wf.connect (slice_timing, ('timecorrected_files', rename, '_filtermotart'),
filterl, 'out_res_name')

wf.connect (createfilterl, 'out_files', filterl, 'design')

createfilter2 = MapNode (
Function (
input_names=][
'realigned_file', 'mask_file', 'num_components',
'extra_regressors'
]I
output_names=['out_files'],
function=extract_noise_components,
imports=imports),
iterfield=['realigned_file', 'extra_regressors'],
name='makecompcorrfilter')
createfilter2.inputs.num_components = num_components

wf.connect (createfilterl, 'out_files', createfilter2, 'extra_ regressors')
wf.connect (filterl, 'out_res', createfilter2, 'realigned_file')
wf.connect (registration,
('outputspec.segmentation_files', selectindex, [0, 21]),
createfilter2, 'mask_file'")

filter2 = MapNode (
fsl.GLM(out_f_name='F.nii', out_pf_name='pF.nii', demean=True),
iterfield=['in_file', 'design', 'out_res_name'],
name="'filter noise_nosmooth')
wf.connect (filterl, 'out_res', filter2, 'in_file'")
wf.connect (filterl, ('out_res', rename, ' _cleaned'), filter2,
'out_res_name')
wf.connect (createfilter2, 'out_files', filter2, 'design')
wf.connect (mask, 'mask_file', filter2, 'mask')

bandpass = Node (
Function (
input_names=['files', 'lowpass_freq', 'highpass_freq', 'fs'],
output_names=['out_files'],
function=bandpass_filter,
imports=imports),
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name="'bandpass_unsmooth')
bandpass.inputs.fs = 1. / TR
bandpass.inputs.highpass_freq = highpass_freq
bandpass.inputs.lowpass_freq = lowpass_freq
wf.connect (filter2, 'out_res', bandpass, 'files')
"""Smooth the functional data using
:class: nipype.interfaces.spm.Smooth" .

mon

smooth = Node (interface=spm.Smooth (), name="smooth")
smooth.inputs.fwhm = vol_fwhm

wf.connect (bandpass, 'out_files', smooth, 'in_ files')

collector = Node (Merge(2), name='collect_ streams')
wf.connect (smooth, 'smoothed_ files', collector, 'inl'")
wf.connect (bandpass, 'out_files', collector, 'in2')

mon

Transform the remaining images. First to anatomical and then to target

mon

warpall = MapNode (
ants.ApplyTransforms (), iterfield=['input_image'], name='warpall')
warpall.inputs.input_image_type = 3

warpall.inputs.interpolation = 'Linear'
warpall.inputs.invert_transform flags = [False, False]
warpall.terminal_output = 'file'
warpall.inputs.reference_image = target_file
warpall.inputs.args = '-—float'
warpall.inputs.num_threads = 1

# transform to target
wf.connect (collector, 'out', warpall, 'input_image')
wf.connect (registration, 'outputspec.transforms', warpall, 'transforms')

mask_target = Node (fsl.ImageMaths (op_string='-bin'), name='target_mask')
wf.connect (registration, 'outputspec.anat2target', mask_target, 'in_file')

maskts = MapNode (fsl.ApplyMask (), iterfield=['in_file'], name='ts_masker")
wf.connect (warpall, 'output_image', maskts, 'in_file'")
wf.connect (mask_target, 'out_file', maskts, 'mask file')

map to surface

extract aparc+aseg ROIs
extract subcortical ROIs
extract target space ROIs

HH o W W H

combine subcortical and cortical rois into a single cifti file

#HEHAFH

# Convert aparc to subject functional space

# Sample the average time series in aparc ROIs

sampleaparc = MapNode (
freesurfer.SegStats (default_color_table=True),
iterfield=['in_file', 'summary_file', 'avgwf_txt_file'],
name="'"aparc_ts")

(continues on next page)

416

Chapter 35. rsfMRI: ANTS, FS, FSL, SPM, aCompCor




nipype Documentation, Release 1.1.0

(continued from previous page)

sampleaparc.inputs.segment_id = (
[8] + list(range (10, 14)) + [17, 18, 26, 47] + list(range (49, 55)) +
[58] + list(range (1001, 1036)) + list(range (2001, 2036)))

wf.connect (registration, 'outputspec.aparc', sampleaparc,
'segmentation_file'")
wf.connect (collector, 'out', sampleaparc, 'in_ file')

def get_names(files, suffix):
"""Generate appropriate names for output files
from nipype.utils.filemanip import (split_filename, filename_to_list,
list_to_filename)

out_names = []
for filename in files:
_, name, _ = split_filename (filename)

out_names.append (name + suffix)
return list_to_filename (out_names)

wf.connect (collector, ('out', get_names, '_avgwf.txt'), sampleaparc,
tavgwf_txt_file'")

wf.connect (collector, ('out', get_names,
'summary_file')

' _summary.stats'), sampleaparc,

# Sample the time series onto the surface of the target surface. Performs
# sampling into left and right hemisphere

target = Node (IdentityInterface(fields=['target_subject']), name='target')
target.iterables = ('target_subject', filename_to_list (target_subject))

samplerlh = MapNode (
freesurfer.SampleToSurface(),
iterfield=['source_file'],
name="'sampler_1h")

samplerlh.inputs.sampling_method = "average"
samplerlh.inputs.sampling_range = (0.1, 0.9, 0.1)
samplerlh.inputs.sampling_units = "frac"
samplerlh.inputs.interp_method = "trilinear"
samplerlh.inputs.smooth_surf = surf_fwhm

# samplerlh.inputs.cortex_mask = True
samplerlh.inputs.out_type = 'niigz'
samplerlh.inputs.subjects_dir = subjects_dir
samplerrh = samplerlh.clone('sampler_rh'")
samplerlh.inputs.hemi = '1h'

wf.connect (collector, 'out', samplerlh, 'source_file')
wf.connect (registration, 'outputspec.out_reg_file', samplerlh, 'reg_file')
wf.connect (target, 'target_subject', samplerlh, 'target_subject')

samplerrh.set_input ('hemi', 'rh')

wf.connect (collector, 'out', samplerrh, 'source file')

wf.connect (registration, 'outputspec.out_reg_file', samplerrh, 'reg_file'")
wf.connect (target, 'target_subject', samplerrh, 'target_subject")

# Combine left and right hemisphere to text file
combiner = MapNode (
Function (
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input_names=['left', 'right'],
output_names=['out_file'],
function=combine_hemi,
imports=imports),
iterfield=["'left', 'right'],
name="combiner")
wf.connect (samplerlh, 'out_file', combiner, 'left')
wf.connect (samplerrh, 'out_file', combiner, 'right'")

# Sample the time series file for each subcortical roi
ts2txt = MapNode (
Function (
input_names=['timeseries_file', 'label file', 'indices'],
output_names=['out_file'],
function=extract_subrois,
imports=imports),
iterfield=['timeseries_file'],
name='getsubcortts')
ts2txt.inputs.indices = [8] + list(range(10, 14)) + [17, 18, 26, 47] +\
list (range (49, 55)) + [58]
ts2txt.inputs.label_file = \
os.path.abspath (('OASIS-TRT-20_jointfusion_DKT31_CMA_labels_in MNI152_ '
'2mm_v2.nii.gz'"))
wf.connect (maskts, 'out_file', ts2txt, 'timeseries_ file')

#HA#AH

substitutions = [('_target_subject_ ',
''), ('_filtermotart_cleaned_bp_trans_masked', ''),
('_filtermotart_cleaned _bp', '')]

regex_subs = [

('_ts_masker.x/sar', '/smooth/'),
('_ts_masker.x/ar', '/unsmooth/'),
('_combiner.x/sar', '/smooth/'"),
('_combiner.x/ar', '/unsmooth/'),
('_aparc_ts.x/sar', '/smooth/'"),
('_aparc_ts.x/ar', '/unsmooth/'),
('_getsubcortts.x/sar', '/smooth/'),
('_getsubcortts.x/ar', '/unsmooth/'),
('series/sar', 'series/smooth/'),
('series/ar', 'series/unsmooth/'),
('_inverse_transform./', ''),
]
# Save the relevant data into an output directory
datasink = Node (interface=DataSink (), name="datasink")

datasink.inputs.base_directory = sink_directory
datasink.inputs.container = subject_id
datasink.inputs.substitutions = substitutions

datasink.inputs.regexp_substitutions = regex_subs # (r'(/_.x(\d+/))"', r'/

—run\2"')

wf.connect (realign, 'realignment parameters', datasink,
'resting.ga.motion')

wf.connect (art, 'norm files', datasink, 'resting.ga.art.@norm')

wf.connect (art, 'intensity_files', datasink, 'resting.ga.art.@intensity')

wf.connect (art, 'outlier_ files', datasink, 'resting.ga.art.Coutlier_ files")

wf.connect (registration, 'outputspec.segmentation_ files', datasink,
'resting.mask_files"')
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wf.connect (registration, 'outputspec.anat2target', datasink,
'resting.ga.ants"')

wf.connect (mask, 'mask_file', datasink, 'resting.mask_files.@brainmask')

wf.connect (mask_target, 'out_file', datasink, 'resting.mask files.target')

wf.connect (filterl, 'out_f', datasink, 'resting.ga.compmaps.@mc_F")

wf.connect (filterl, 'out_pf', datasink, 'resting.ga.compmaps.@mc_pE")

wf.connect (filter2, 'out_f', datasink, 'resting.ga.compmaps')

wf.connect (filter2, 'out_pf', datasink, 'resting.ga.compmaps.@p')

wf.connect (bandpass, 'out_files', datasink,
'resting.timeseries.@bandpassed’)

wf.connect (smooth, 'smoothed_files', datasink,
'resting.timeseries.@smoothed")

wf.connect (createfilterl, 'out_files', datasink,
'resting.regress.@regressors’')

wf.connect (createfilter2, 'out_files', datasink,
'resting.regress.@compcorr')

wf.connect (maskts, 'out_file', datasink, 'resting.timeseries.target')

wf.connect (sampleaparc, 'summary_file', datasink,
'resting.parcellations.aparc')

wf.connect (sampleaparc, 'avgwf_txt_ file', datasink,
'resting.parcellations.aparc.@avgwf')

wf.connect (ts2txt, 'out_file', datasink,
'resting.parcellations.grayo.@subcortical')

datasink2 = Node (interface=DataSink (), name="datasink2")

datasink2.inputs.base_directory = sink_directory
datasink2.inputs.container = subject_id
datasink2.inputs.substitutions = substitutions

datasink?2.inputs.regexp_substitutions = regex_subs # (r'(/_.x(\d+/))"', r'/
—run\2')
wf.connect (combiner, 'out_file', datasink?2,
'resting.parcellations.grayo.@surface')
return wf

Creates the full workflow including getting information from dicom files

def create_resting_workflow(args, name=None) :
TR = args.TR

slice_times = args.slice_times

if args.dicom_file:
TR, slice_times, slice_thickness = get_info(args.dicom_file)
slice_times = (np.array(slice_times) / 1000.).tolist ()

if name is None:
name = 'resting ' + args.subject_id

kwargs = dict (

files=[os.path.abspath(filename) for filename in args.files],
target_file=os.path.abspath (args.target_file),
subject_id=args.subject_id,

TR=TR,

slice_times=slice_times,
vol_fwhm=args.vol_fwhm,
surf_fwhm=args.surf_fwhm,

norm_threshold=2.,
subjects_dir=os.path.abspath(args.fsdir),
target_subject=args.target_surfs,
lowpass_freg=args.lowpass_£freq,
highpass_freg=args.highpass_freq,
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sink_directory=os.path.abspath (args.sink),
name=name)

wf = create_workflow (xxkwargs)

return wf

if name == "_ _main_ ":
from argparse import ArgumentParser, RawTextHelpFormatter
defstr = ' (default ¢ (default)s)'

parser = ArgumentParser (

description=__doc__, formatter_class=RawTextHelpFormatter)
parser.add_argument (

n_gn,

"-—dicom_file",

dest="dicom_file",

help="an example dicom file from the resting series")
parser.add_argument (

"7f"r

"-—files",

dest="files",

nargs="+",

help="4d nifti files for resting state",

required=True)
parser.add_argument (

mg,

"--target",

dest="target_file",

help=("Target in MNI space. Best to use the MindBoggle "

"template - "
"OASIS-30_Atropos_template_in MNI152_2mm.nii.gz"),

required=True)
parser.add_argument (

"*S",

"—-—subiject_id",

dest="subject_id",

help="FreeSurfer subject id",

required=True)
parser.add_argument (

"--subjects_dir",

dest="fsdir",

help="FreeSurfer subject directory",

required=True)
parser.add_argument (

"-—target_surfaces",

dest="target_surfs",

nargs="+",

default=["'fsaverageb'],

help="FreeSurfer target surfaces" + defstr)
parser.add_argument (

"--TR",

dest="TR",

default=None,

type=float,

help="TR if dicom not provided in seconds")
parser.add_argument (

"-—-slice_times",

dest="slice_times",

(continues on next page)
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nargs="+",

type=float,

help="Slice onset times in seconds")
parser.add_argument (

'-—vol_fwhm',

default=6.,

dest="'vol_fwhm',

type=float,

help="Spatial FWHM" + defstr)
parser.add_argument (

'——surf_fwhm',

default=15.,

dest="surf_fwhm',

type=float,

help="Spatial FWHM" + defstr)
parser.add_argument (

noqm,

"-—lowpass_freq",

dest="lowpass_freq",

default=0.1,

type=float,

help="Low pass frequency (Hz)" + defstr)
parser.add_argument (

"n_y" ,

"--highpass_freq",

dest="highpass_freqg",

default=0.01,

type=float,

help="High pass frequency (Hz)" + defstr)
parser.add_argument (

"_om,

"—-—output_dir",

dest="sink",

help="Output directory base",

required=True)
parser.add_argument (
", "--work_dir", dest="work_ dir", help="Output directory base")
parser.add_argument (

"-p",

"-—plugin",

dest="plugin",

default="Linear',

help="Plugin to use")
parser.add_argument (

"--plugin_args", dest="plugin_args", help="Plugin arguments")
args = parser.parse_args ()

"W

wf

create_resting _workflow (args)

if args.work_dir:

work_dir = os.path.abspath(args.work_dir)
else:

work_dir = os.getcwd()

wf.base_dir = work_dir
if args.plugin_args:
wf.run(args.plugin, plugin_args=eval (args.plugin_args))
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else:

wf.run(args.plugin)

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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rsfMRI: ANTS, FS, FSL, NiPy, aCompCor

A preprocessing workflow for Siemens resting state data.
This workflow makes use of:

ANTS

FreeSurfer

FSL

NiPy

CompCor

For example:

python rsfmri_preprocessing.py -d /data/12345-34-1.dcm -f /data/Resting.nii
-s subj001 -o output -p PBS —-plugin_args "dict (gsub_args='—-gq many')"

or:

python rsfmri_vol_surface_preprocessing.py —-f SUB_1024011/E?/func/rest.nii
-t OASIS-30_Atropos_template_in_ MNI152_2mm.nii.gz —--TR 2 -s SUB_1024011
—-—-subjects_dir fsdata —--slice_times 0 17 1 18 2 19 3 20 4 21 5 22 6 23
7 24 8 25 9 26 10 27 11 28 12 29 13 30 14 31 15 32 16 -o

This workflow takes resting timeseries and a Siemens dicom file corresponding to it and preprocesses it to
produce timeseries coordinates or grayordinates.

For non-Siemens dicoms, provide slice times instead, since the dicom extractor is not guaranteed to work.

This workflow also requires 2mm subcortical atlas and templates that are available from:
http://mindboggle.info/data.html

specifically the 2mm versions of:

Joint Fusion Atlas

MNI template

Import necessary modules from nipype.

from _ future  import division, unicode_literals
from builtins import open, range, str

import os

from nipype.interfaces.base import CommandLine
CommandLine.set_default_terminal_output ('allatonce')

(continues on next page)
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# https://github.com/moloney/dcmstack

from dcmstack.extract import default_extractor
# pip install pydicom

from dicom import read_file

from nipype.interfaces import (fsl, Function, ants, freesurfer, nipy)
from nipype.interfaces.c3 import C3dAffineTool

fsl.FSLCommand.set_default_output_type ('NIFTI_GZ")
from nipype import Workflow, Node, MapNode

from nipype.algorithms.rapidart import ArtifactDetect

from nipype.algorithms.misc import TSNR, CalculateMedian

from nipype.algorithms.confounds import ACompCor

from nipype.interfaces.utility import Rename, Merge, IdentityInterface
from nipype.utils.filemanip import filename_to_list

from nipype.interfaces.io import DataSink, FreeSurferSource

import nipype.interfaces.freesurfer as fs

import numpy as np

import scipy as sp

import nibabel as nb

from nipype.utils.config import NUMPY_MMAP

A list of modules and functions to import inside of nodes

imports = [
'import os',
'import nibabel as nb',
'import numpy as np',
'import scipy as sp',

'from nipype.utils.filemanip import filename_to_list, list_to_filename, split_
—filename',
'from scipy.special import legendre'
]
Define utility functions for use in workflow nodes
def get_info(dicom_files):
"""Given a Siemens dicom file return metadata
Returns
RepetitionTime
Slice Acquisition Times
Spacing between slices
mmmn
meta = default_extractor (
read_file(
filename_to_list (dicom_files) [0],
stop_before_pixels=True,
force=True))
return (metal['RepetitionTime'] / 1000., meta['Csalmage.MosaicRefAcqTimes'],

meta['SpacingBetweenSlices'])

def median (in_files):

(continues on next page)
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def

"""Computes an average of the median of each realigned timeseries

Parameters

in _files: one or more realigned Nifti 4D time series

out_file: a 3D Nifti file
mmmn
average = None
for idx, filename in enumerate (filename_to_list (in_files)):
img = nb.load(filename, mmap=NUMPY_MMAP)
data = np.median(img.get_data(), axis=3)
if average is None:
average = data
else:
average = average + data
median_img = nb.NiftilImage (average / float (idx + 1), img.affine,
img.header)
filename = os.path.join(os.getcwd (), 'median.nii.gz')
median_img.to_filename (filename)
return filename

bandpass_filter(files, lowpass_freq, highpass_freq, fs):
"""Bandpass filter the input files

Parameters
files: 1list of 4d nifti files
lowpass_freq: cutoff frequency for the low pass filter (in Hz)
highpass_freq: cutoff frequency for the high pass filter (in Hz)
fs: sampling rate (in Hz)
out_files = []
for filename in filename_to_list (files):
path, name, ext = split_filename (filename)
out_file = os.path.join(os.getcwd (), name + '_bp' + ext)
img = nb.load(filename, mmap=NUMPY_MMAP)
timepoints = img.shape[-1]
F = np.zeros((timepoints))
lowidx = int (timepoints / 2) + 1
if lowpass_freg > 0O:
lowidx = np.round(float (lowpass_freq) / fs * timepoints)
highidx = 0
if highpass_freqg > 0:
highidx = np.round(float (highpass_freq) / fs * timepoints)
F[highidx:lowidx] = 1
F = ((F + F[::-1]) > 0).astype(int)
data = img.get_data()
if np.all(F == 1):
filtered_data
else:
filtered_data = np.real(np.fft.ifftn(np.fft.fftn(data) » F))

data

(continues on next page)

425




nipype Documentation, Release 1.1.0

(continued from previous page)

def

def

img_out = nb.NiftilImage(filtered_data, img.affine, img.header)
img_out.to_filename (out_file)
out_files.append(out_file)

return list_to_filename (out_files)

motion_regressors (motion_params, order=0, derivatives=1):
"""Compute motion regressors upto given order and derivative

motion + d(motion)/dt + d2(motion)/dt2 (linear + quadratic)
out_files = []
for idx, filename in enumerate(filename_to_list (motion_params)) :
params = np.genfromtxt (filename)
out_params = params
for d in range(l, derivatives + 1):

cparams = np.vstack ((np.repeat (params[0, :][None, :], d, axis=0),
params) )
out_params = np.hstack((out_params, np.diff (cparams, d, axis=0)))
out_params2 = out_params
for i in range (2, order + 1):
out_params2 = np.hstack((out_params2, np.power (out_params, 1i)))
filename = os.path.join(os.getcwd (), "motion_regressorc02Zd.txt" % idx)

np.savetxt (filename, out_params2, fmt=b"&.10f")
out_files.append (filename)
return out_files

build_filterl (motion_params, comp_norm, outliers, detrend_poly=None) :
"""Builds a regressor set comprisong motion parameters, composite norm and
outliers

The outliers are added as a single time point column for each outlier

Parameters

motion _params: a text file containing motion parameters and its derivatives
comp_norm: a text file containing the composite norm

outliers: a text file containing O-based outlier indices

detrend _poly: number of polynomials to add to detrend

components_file: a text file containing all the regressors

mmmn

out_files = []

for idx, filename in enumerate (filename_to_list (motion_params)) :

params = np.genfromtxt (filename)
norm_val = np.genfromtxt (filename_to_list (comp_norm) [idx])
out_params = np.hstack ((params, norm_val[:, None]))
try:
outlier_val = np.genfromtxt (filename_to_list (outliers) [idx])

except IOError:
outlier_val = np.empty((0))
for index in np.atleast_ld(outlier_val):

(continues on next page)
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def

def

def

outlier_vector = np.zeros((out_params.shape[0], 1))

outlier vector[index] = 1

out_params = np.hstack((out_params, outlier_vector))
if detrend_poly:

timepoints = out_params.shape[0]

X = np.empty ((timepoints, 0))
for i in range (detrend_poly):
X = np.hstack ((X, legendre(i + 1) (np.linspace (
-1, 1, timepoints))[:, Nonel))

out_params = np.hstack ((out_params, X))
filename = os.path.join(os.getcwd (), "filter_ regressorg02Zd.txt" % idx)
np.savetxt (filename, out_params, fmt=b"2.101")
out_files.append (filename)

return out_files

rename (in_files, suffix=None) :

from nipype.utils.filemanip import (filename_to_list, split_filename,
list_to_filename)

out_files = []

for idx, filename in enumerate (filename_to_list (in_files)):

_, name, ext = split_filename (filename)
if suffix is None:

out_files.append(name + ('_203d"'" % idx) + ext)
else:

out_files.append(name + suffix + ext)
return list_to_filename (out_files)

get_aparc_aseg (files):
"""Return the aparc+aseg.mgz file"""
for name in files:
if 'aparctaseg.mgz' in name:
return name
raise ValueError ('aparct+aseg.mgz not found')

extract_subrois(timeseries_file, label_file, indices):
"""Extract voxel time courses for each subcortical roi index

Parameters

timeseries_file: a 4D Nifti file
label_file: a 3D file containing rois in the same space/size of the 4D file
indices: a list of indices for ROIs to extract.

Returns

out_file: a text file containing time courses for each voxel of each roi
The first four columns are: freesurfer index, 1, j, k positions in the
label file

mmmn

img = nb.load(timeseries_file, mmap=NUMPY_MMAP)

data = img.get_data()

roiimg = nb.load(label_file, mmap=NUMPY_MMAP)

rois = roiimg.get_data()

(continues on next page)
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prefix = split_filename (timeseries_file) [1]
out_ts_file = os.path.join(os.getcwd (), '%s_subcortical_ ts.txt' % prefix)
with open(out_ts_file, 'wt') as fp:
for fsindex in indices:
ijk = np.nonzero(rois == fsindex)
ts = data[ijk]
for i0, row in enumerate (ts):
fp.write ('%d, 2d, 2d, 5d, " % (
fsindex, 1jk[0][i0], ijk[1]T[i07],
19k [2]1[10]) + ', ".join(['¢.10f" % wval
for val in row]) + '\n'")
return out_ts_file

def combine_hemi (left, right):
"""Combine left and right hemisphere time series into a single text file
lh_data = nb.load(left, mmap=NUMPY_MMAP) .get_data()
rh_data nb.load (right, mmap=NUMPY_MMAP) .get_data()

indices = np.vstack((1000000 + np.arange (0, lh_data.shape[0])[:, None],
2000000 + np.arange (0, rh_data.shape[0])[:, None]))
all data = np.hstack((indices,

np.vstack ((lh_data.squeeze (), rh_data.squeeze()))))
filename = left.split('.')[1l] + '_combined.txt'
np.savetxt (
filename,
all_data,

fmt=",'.join(['¢d'] + ['%.

10£"] % (all_data.shape[l] - 1)))
return os.path.abspath(filename)

Create a Registration Workflow

def create_reg_workflow(name='registration'):
"""Create a FEAT preprocessing workflow together with freesurfer

Parameters
name : name of workflow (default: 'registration')

Inputs:
inputspec.source_files : files (filename or list of filenames to register)
inputspec.mean_image : reference image to use
inputspec.anatomical_image : anatomical image to coregister to
inputspec.target_image : registration target

Outputs:

outputspec. funcZanat_transform : FLIRT transform
outputspec.anatltarget_transform : FLIRT+FNIRT transform
outputspec.transformed_files : transformed files in target space
outputspec.transformed_mean : mean image 1in target space

See code below

(continues on next page)
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mon

register = Workflow (name=name)

inputnode = Node (
interface=IdentityInterface (fields=]|
'source_files', 'mean_image', 'subject_id', 'subjects_di
'target_image'
1)

name="'"inputspec")

outputnode = Node (
interface=IdentityInterface (fields=]|

v
oy

'func2anat_transform', 'out_reg_file', 'anat2target_transform',

'transforms', 'transformed_mean', 'segmentation_files',
'anat2target', 'aparc', 'min_cost_file'
1)y

name='outputspec')

# Get the subject's freesurfer source directory

fssource = Node (FreeSurferSource (), name='fssource')
fssource.run_without_submitting = True

register.connect (inputnode, 'subject_id', fssource, 'subject_id’

)

register.connect (inputnode, 'subjects_dir', fssource, 'subjects_dir')

convert = Node (freesurfer.MRIConvert (out_type='nii'), name="convert")

register.connect (fssource, 'T1l', convert, 'in_ file')

# Coregister the median to the surface

bbregister = Node (freesurfer.BBRegister (), name='bbregister')
bbregister.inputs.init = 'fsl'
bbregister.inputs.contrast_type = 't2'
bbregister.inputs.out_fsl _file = True
bbregister.inputs.epi_mask = True

register.connect (inputnode, 'subject_id', bbregister, 'subject_id")
register.connect (inputnode, 'mean_image', bbregister, 'source_ file')
register.connect (inputnode, 'subjects_dir', bbregister, 'subjects_dir'")

mon

Estimate the tissue classes from the anatomical image. But use aparct+aseg's,

—brain mask

mon

binarize = Node (
fs.Binarize (min=0.5, out_type="nii.gz", dilate=1),
name="binarize_aparc")

register.connect (fssource, ("aparc_aseg", get_aparc_aseqg), binarize,

"in_file")
stripper = Node (fsl.ApplyMask (), name='stripper')
register.connect (binarize, "binary_ file", stripper, "mask_file")
register.connect (convert, 'out_file', stripper, 'in_file')

fast = Node (fsl.FAST (), name='fast')
register.connect (stripper, 'out_file', fast, 'in_files')

mmon

Binarize the segmentation
mmmn
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binarize = MapNode (
fsl.ImageMaths (op_string='-nan -thr 0.9 -ero -bin'"),
iterfield=["in_file'],
name="'binarize')

register.connect (fast, 'partial volume_files', binarize, 'in_file'")

mon

Apply inverse transform to take segmentations to functional space

mon

applyxfm = MapNode (
freesurfer.ApplyVolTransform(inverse=True, interp='nearest'),
iterfield=['"target_file'],
name='inverse_transform')
register.connect (inputnode, 'subjects_dir', applyxfm, 'subjects_dir')
register.connect (bbregister, 'out_reg_ file', applyxfm, 'reg_file')
register.connect (binarize, 'out_file', applyxfm, 'target_ file')
register.connect (inputnode, 'mean_image', applyxfm, 'source_file')

mon

Apply inverse transform to aparc file

mon

aparcxfm = Node (
freesurfer.ApplyVolTransform(inverse=True, interp='nearest'),
name='aparc_inverse_transform')
register.connect (inputnode, 'subjects_ dir', aparcxfm, 'subjects_dir')
register.connect (bbregister, 'out_reg_file', aparcxfm, 'reg_ file')
register.connect (fssource, ('aparc_aseg', get_aparc_aseg), aparcxfm,
'target_file'")
register.connect (inputnode, 'mean_image', aparcxfm, 'source_file')

mon

Convert the BBRegister transformation to ANTS ITK format

mon

convert2itk = Node (C3dAffineTool (), name='convert2itk'")
convert2itk.inputs.fsl2ras = True

convert2itk.inputs.itk_transform = True

register.connect (bbregister, 'out_fsl file', convert2itk, 'transform file')
register.connect (inputnode, 'mean_image', convert2itk, 'source_file')
register.connect (stripper, 'out_file', convert2itk, 'reference_ file')

mmn

Compute registration between the subject's structural and MNI template

* All parameters are set using the example from:
#https://github.com/stnava/ANTs/blob/master/Scripts/newAntsExample.sh

* This 1is currently set to perform a very quick registration. However,
the registration can be made significantly more accurate for cortical

structures by increasing the number of iterations.
mmnm

reg = Node (ants.Registration(), name='antsRegister')

reg.inputs.output_transform prefix = "output_ "

reg.inputs.transforms = ['Rigid', 'Affine', 'SyN']

reg.inputs.transform_parameters = [(0.1, ), (0.1, ), (0.2, 3.0, 0.0)]

reg.inputs.number_of_iterations = [[10000, 11110, 1111011 * 2 + [I[
100, 30, 20

11

reg.inputs.dimension = 3

(continues on next page)
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reg.inputs.write_composite_transform = True

reg.inputs.collapse_output_transforms = True
reg.inputs.initial_moving_transform_com = True
reg.inputs.metric = ['Mattes'] % 2 + [['Mattes', 'CC']]
reg.inputs.metric_weight = [1] %= 2 + [[0.5, 0.5]]
reg.inputs.radius_or_number_of_bins = [32] = 2 + [[32, 4]]
reg.inputs.sampling_strategy = ['Regular'] % 2 + [[None, None]]
reg.inputs.sampling_percentage = [0.3] = 2 + [[None, None]]
reg.inputs.convergence_threshold = [1.e-8] % 2 + [-0.01]
reg.inputs.convergence_window_size = [20] % 2 + [5]
reg.inputs.smoothing_sigmas = [[4, 2, 1]] = 2 + [[1, 0.5, 01]
reg.inputs.sigma_units = ['vox'] % 3
reg.inputs.shrink_factors = [[3, 2, 1]1] = 2 + [[4, 2, 111
reg.inputs.use_estimate_learning_rate_once = [True] * 3
reg.inputs.use_histogram _matching = [False] x 2 + [True]
reg.inputs.winsorize_lower_quantile = 0.005
reg.inputs.winsorize_upper_qgquantile = 0.995

reg.inputs.float = True

reg.inputs.output_warped_image = 'output_warped_image.nii.gz'
reg.inputs.num_threads = 4

reg.plugin_args = {'sbatch_args': '-cgd' % 4}

register.connect
register.connect

stripper, 'out_file', reg, 'moving_image')
inputnode, 'target_image', reg, 'fixed_image')

(
(

Concatenate the affine and ants transforms into a list

merge = Node (Merge (2), iterfield=['in2'], name='mergexfm')

register.
register.

connect (convert2itk, 'itk_ transform', merge, 'in2')
connect (reg, ('composite_ transform', pickfirst), merge, 'inl'")

Transform the mean image. First to anatomical and then to target

warpmean
warpmean.
warpmean.
warpmean.
warpmean.
warpmean.
warpmean.
warpmean.

register.
register.
register.

= Node (ants.ApplyTransforms (), name='warpmean')
inputs.input_image_type = 3

inputs.interpolation = 'Linear'

inputs.invert_transform flags = [False, False]

terminal_output = 'file'

inputs.args = '-—float'

inputs.num_threads = 4

plugin_args = {'sbatch args': '-ccd' % 4}

connect (inputnode, 'target_image', warpmean, 'reference_ image')

connect (inputnode, 'mean_image', warpmean, 'input_image')
connect (merge, 'out', warpmean, 'transforms')

Assign all the output files

register.
register.
register.

register.
register.

register.
register.

register.

connect (reg, 'warped_image', outputnode, 'anatZtarget')

connect (warpmean, 'output_image', outputnode, 'transformed mean')

connect (applyxfm, 'transformed_file', outputnode,
'segmentation_files')

connect (aparcxfm, 'transformed_ file', outputnode, 'aparc')

connect (bbregister, 'out_fsl_file', outputnode,
'func2anat_transform')

connect (bbregister, 'out_reg file', outputnode, 'out_reg file')

connect (reg, 'composite_transform', outputnode,
'anat2target_transform')

connect (merge, 'out', outputnode, 'transforms')
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register.connect (bbregister, 'min cost_file', outputnode, 'min cost_file')

return register

Creates the main preprocessing workflow

def create_workflow(files,
target_file,
subject_id,
TR,
slice_times,
norm_threshold=1,
num_components=5,
vol_fwhm=None,
surf_fwhm=None,
lowpass_freqg=-1,
highpass_freg=-1,
subjects_dir=None,
sink_directory=os.getcwd(),
target_subject=['fsaverage3', 'fsaveraged'],
name='resting') :

wf = Workflow (name=name)

# Rename files in case they are named identically
name_unique = MapNode (

Rename (format_string='rest__ ),

iterfield=["in_file', 'run'],

name="'"rename')
name_unique.inputs.keep_ext = True
name_unique.inputs.run = list (range(l, len(files) + 1))
name_unique.inputs.in_file = files
realign = Node (nipy.SpaceTimeRealigner (), name="spacetime_realign")
realign.inputs.slice_times = slice_times
realign.inputs.tr = TR
realign.inputs.slice_info = 2
realign.plugin_args = {'sbatch_args':

v 1

-C $ 4}

# Compute TSNR on realigned data regressing polynomials up to order 2
tsnr = MapNode (TSNR (regress_poly=2), iterfield=['in_file'], name='tsnr')
wf.connect (realign, "out_file", tsnr, "in_file")

# Compute the median image across runs
calc_median = Node (CalculateMedian (), name='median')
wf.connect (tsnr, 'detrended_file', calc_median, 'in_files'")

Segment and Register

registration = create_reg_workflow (name='registration')
wf.connect (calc_median, 'median_file', registration,
'inputspec.mean_image')
registration.inputs.inputspec.subject_id = subject_id
registration.inputs.inputspec.subjects_dir = subjects_dir
registration.inputs.inputspec.target_image = target_file

Quantify TSNR in each freesurfer ROI
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get_roi_tsnr = MapNode (
fs.SegStats (default_color_table=True),
iterfield=["'in_file'],
name="'"get_aparc_tsnr')
get_roi_tsnr.inputs.avgwf_txt_file = True
wf.connect (tsnr, 'tsnr_ file', get_roi_tsnr, 'in_file'")
wf.connect (registration, 'outputspec.aparc', get_roi_tsnr,
'segmentation_file'")

Use nipype.algorithms.rapidart to determine which of the images in the functional series are outliers
based on deviations in intensity or movement.

art = Node (interface=ArtifactDetect (), name="art")
art.inputs.use_differences = [True, True]
art.inputs.use_norm = True
art.inputs.norm_threshold = norm_threshold
art.inputs.zintensity_threshold = 9
art.inputs.mask_type = 'spm _global'
art.inputs.parameter_source = 'NiPy'

Here we are connecting all the nodes together. Notice that we add the merge node only if you choose to use 4D.
Also get_vox_dims function is passed along the input volume of normalise to set the optimal voxel sizes.

wf.connect ([

(name_unique, realign, [('out_file', 'in_ file')]),
(realign, art, [('out_file', 'realigned_files'")]),
(realign, art, [('par_file', 'realignment_parameters')]),

1)

def selectindex(files, idx):
import numpy as np
from nipype.utils.filemanip import filename_to_list, list_to_filename
return list_to_filename (
np.array (filename_to_list (files)) [idx].tolist())

mask = Node (fsl1.BET (), name='getmask')
mask.inputs.mask = True
wf.connect (calc_median, 'median_file', mask, 'in_file')

# get segmentation in normalized functional space
def merge_files(inl, in2):
out_files = filename_to_list (inl)
out_files.extend(filename_to_list (in2))
return out_files

# filter some noise

# Compute motion regressors
motreg = Node (

Function (
input_names=['motion_params', 'order', 'derivatives'],
output_names=["'out_files'],

function=motion_regressors,
imports=imports),
name='getmotionregress')
wf.connect (realign, 'par_ file', motreg, 'motion_ params')

(continues on next page)

433




nipype Documentation, Release 1.1.0

(continued from previous page)

# Create a filter to remove motion and art confounds
createfilterl = Node (
Function (
input_names=|[
'motion_params', 'comp_norm', 'outliers', 'detrend_poly'
] 14
output_names=['out_files'],
function=build_filterl,
imports=imports),
name="'makemotionbasedfilter"')
createfilterl.inputs.detrend _poly = 2
wf.connect (motreg, 'out_files', createfilterl, 'motion_params')
wf.connect (art, 'norm_files', createfilterl, 'comp_norm')
wf.connect (art, 'outlier_files', createfilterl, 'outliers')

filterl = MapNode (
fs1.GLM(
out_f_name='F_mcart.nii.gz"',
out_pf_name='pF mcart.nii.gz',
demean=True) ,
iterfield=['in_file', 'design', 'out_res_name'],
name='filtermotion")

wf.connect (realign, 'out_file', filterl, 'in file')

wf.connect (realign, ('out_file', rename, ' filtermotart'), filterl,
'out_res_name')

wf.connect (createfilterl, 'out_files', filterl, 'design')

createfilter2 = MapNode (

ACompCor (),

iterfield=['realigned_file', 'extra_regressors'],

name='makecompcorrfilter')
createfilter2.inputs.components_file = 'noise_ components.txt'
createfilter2.inputs.num_components = num_components

wf.connect (createfilterl, 'out_files', createfilter2, 'extra_ regressors')
wf.connect (filterl, 'out_res', createfilter2, 'realigned_file')
wf.connect (registration,
('outputspec.segmentation_files', selectindex, [0, 21),
createfilter2, 'mask_file')

filter2 = MapNode (
fsl.GLM(out_f_name='F.nii.gz', out_pf_name='pF.nii.gz', demean=True),
iterfield=['in_file', 'design', 'out_res_name'],
name="'filter noise_nosmooth')
wf.connect (filterl, 'out_res', filter2, 'in_file')
wf.connect (filterl, ('out_res', rename, '_cleaned'), filter2,
'out_res_name')
wf.connect (createfilter2, 'components_file', filter2, 'design')
wf.connect (mask, 'mask_ file', filter2, 'mask')

bandpass = Node (

Function (
input_names=['files', 'lowpass_freq', 'highpass_freq', 'fs'],
output_names=["'out_files'],

function=bandpass_filter,
imports=imports),

(continues on next page)
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name="'bandpass_unsmooth')
bandpass.inputs.fs = 1. / TR
bandpass.inputs.highpass_freqg = highpass_freq
bandpass.inputs.lowpass_freq = lowpass_freq
wf.connect (filter2, 'out_res', bandpass, 'files')
"""Smooth the functional data using
:class: nipype.interfaces.fsl.IsotropicSmooth" .

mmn

smooth = MapNode (
interface=fsl.IsotropicSmooth (), name="smooth", iterfield=["in_file"])
smooth.inputs.fwhm = vol_fwhm

wf.connect (bandpass, 'out_files', smooth, 'in_file'")

collector = Node (Merge (2), name='collect_streams')
wf.connect (smooth, 'out_file', collector, 'inl')
wf.connect (bandpass, 'out_files', collector, 'in2'")

mmon

Transform the remaining images. First to anatomical and then to target
mrmn

warpall = MapNode (
ants.ApplyTransforms (), iterfield=['input_image'], name='warpall')
warpall.inputs.input_image_type = 3

warpall.inputs.interpolation = 'Linear'
warpall.inputs.invert_transform flags = [False, False]
warpall.terminal_output = 'file'
warpall.inputs.reference_image = target_file
warpall.inputs.args = '-—float'
warpall.inputs.num_threads = 2

warpall.plugin_args = {'sbatch_args': "'-c%d' % 2}

# transform to target
wf.connect (collector, 'out', warpall, 'input_image')
wf.connect (registration, 'outputspec.transforms', warpall, 'transforms')

mask_target = Node (fsl.ImageMaths (op_string='-bin'), name='target_mask")
wf.connect (registration, 'outputspec.anat2target', mask_target, 'in_file')

maskts = MapNode (fsl.ApplyMask (), iterfield=['in_ file'], name='ts_masker")
wf.connect (warpall, 'output_image', maskts, 'in_file'")
wf.connect (mask_target, 'out_file', maskts, 'mask_ file')

map to surface

extract aparc+aseg ROIs
extract subcortical ROIs
extract target space ROIs

H FH W H W

combine subcortical and cortical rois into a single cifti file

#HE#AFH

# Convert aparc to subject functional space

# Sample the average time series in aparc ROIs
sampleaparc = MapNode (
freesurfer.SegStats (default_color_table=True),

(continues on next page)
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iterfield=['in_file', 'summary_file', 'avgwf_txt_file'],
name="'aparc_ts")

sampleaparc.inputs.segment_id = (
[8] + list(range(l10, 14)) + [17, 18, 26, 47] + list(range(49, 55)) +
[58] + list(range (1001, 1036)) + list (range (2001, 2036)))

wf.connect (registration, 'outputspec.aparc', sampleaparc,
'segmentation_file')
wf.connect (collector, 'out', sampleaparc, 'in_file'")

def get_names (files, suffix):

"""Generate appropriate names for output files

mmwmn

from nipype.utils.filemanip import (split_filename, filename_to_list,

list_to_filename)

import os

out_names = []

for filename in files:
path, name, _ = split_filename (filename)
out_names.append (os.path. join (path, name + suffix))

return list_to_filename (out_names)

wf.connect (collector, ('out', get_names, '_avgwf.txt'), sampleaparc,
tavgwf_txt_file'")
wf.connect (collector, ('out', get_names, '_summary.stats'), sampleaparc,

'summary_file')

# Sample the time series onto the surface of the target surface. Performs
# sampling into left and right hemisphere

target = Node (IdentityInterface (fields=['target_subject']), name='target')
target.iterables = ('target_subject', filename_to_list (target_subject))

samplerlh = MapNode (
freesurfer.SampleToSurface(),
iterfield=["'source_ file'],
name="sampler_1lh")

samplerlh.inputs.sampling_method = "average"
samplerlh.inputs.sampling_range = (0.1, 0.9, 0.1)
samplerlh.inputs.sampling units = "frac"
samplerlh.inputs.interp_method = "trilinear"
samplerlh.inputs.smooth_surf = surf_fwhm

# samplerlh.inputs.cortex_mask = True
samplerlh.inputs.out_type = 'niigz'
samplerlh.inputs.subjects_dir = subjects_dir

samplerrh = samplerlh.clone('sampler_rh'")

samplerlh.inputs.hemi = 'l1h'

wf.connect (collector, 'out', samplerlh, 'source_file'")

wf.connect (registration, 'outputspec.out_reg_file', samplerlh, 'reg_file')
wf.connect (target, 'target_subject', samplerlh, 'target_subject')

samplerrh.set_input ('hemi', 'rh')

wf.connect (collector, 'out', samplerrh, 'source_ file')

wf.connect (registration, 'outputspec.out_reg_file', samplerrh, 'reg_file')
wf.connect (target, 'target_subject', samplerrh, 'target_subject')

(continues on next page)
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# Combine left and right hemisphere to text file
combiner = MapNode (

Function (
input_names=['left', 'right'],
output_names=['out_file'],

function=combine_hemi,
imports=imports),
iterfield=["'left', 'right'],
name="combiner")
wf.connect (samplerlh, 'out_file', combiner, 'left')
wf.connect (samplerrh, 'out_file', combiner, 'right")

# Sample the time series file for each subcortical roi
ts2txt = MapNode (

Function (
input_names=['timeseries_file', 'label file', 'indices'],
output_names=['out_file'],

function=extract_subrois,
imports=imports),
iterfield=["'timeseries_file'],
name="getsubcortts')
ts2txt.inputs.indices = [8] + list(range (10, 14)) + [17, 18, 26, 471 +\
list (range (49, 55)) + [58]
ts2txt.inputs.label_ file = \
os.path.abspath (('OASIS-TRT-20_jointfusion DKT31 _CMA_labels_in_ MNI152_ '
'2mm_v2.nii.gz'))
wf.connect (maskts, 'out_file', ts2txt, 'timeseries_file')

#HEHAH
substitutions = [
('_target_subject_', '"),
('_filtermotart_cleaned_bp_trans_masked', ''),
('_filtermotart_cleaned_bp', ''),
]
substitutions += [("_smoothsd" % i, "") for i in range(ll)[::-1]]
substitutions += [("_ts_maskerzd" % i, "") for i in range(11l)[::-1]]
substitutions += [("_getsubcorttssd" % i, "") for i in range(ll)[::-1]]
substitutions += [("_combinersd" % i, "") for i in range(ll)[::-1]]
substitutions += [("_filtermotion?d" % i, "") for i in range(1l1l)[::-1]]
substitutions += [("_filter noise_nosmooth2d" % i, ")
for i in range(1l1l)[::-1]]
substitutions += [("_makecompcorfiltersd" % i, "")
for i in range(1l1l)[::-1]]
substitutions += [("_get_aparc_tsnrd/" % i, "rungd_ " % (1 + 1))
for i in range(11l) [::-1]]

substitutions += [("T1l_out_brain_pve_0_maths_warped", "compcor_csf"),
("Tl_out_brain_pve_1_maths_warped",
"compcor_gm"), ("Tl_out_brain_pve_2_maths_warped",
"compcor_wm"),
("output_warped_image_maths",
"target_brain_mask"), ("median_brain_mask",
"native_brain_mask"), ("corr_",

"ll)]

regex_subs = [
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('_combiner.*/sar', '/smooth/'),
('_combiner.x/ar', '/unsmooth/'),
('_aparc_ts.x/sar', '/smooth/'),
('_aparc_ts.x/ar', '/unsmooth/'),
('_getsubcortts.x/sar', '/smooth/'),
('_getsubcortts.x/ar', '/unsmooth/'),
('series/sar', 'series/smooth/'),
('series/ar', 'series/unsmooth/'),
('_inverse_transform./', ''"),

]

# Save the relevant data into an output directory

datasink = Node (interface=DataSink (), name="datasink")

datasink.inputs.base_directory = sink_directory
datasink.inputs.container = subject_id
datasink.inputs.substitutions = substitutions

wf.connect (realign, 'par_ file', datasink, 'resting.ga.motion')
wf.connect (art, 'norm files', datasink, 'resting.ga.art.@norm')
wf.connect
wf.connect
wf.connect

registration, 'outputspec.segmentation_ files', datasink,
'resting.mask_files'")

wf.connect (registration, 'outputspec.anat2target', datasink,
'resting.ga.ants"')

wf.connect (filterl, 'out_f', datasink, 'resting.ga.compmaps.(@mc_F")

wf.connect (filter2, 'out_f', datasink, 'resting.ga.compmaps')

wf.connect (filter2, 'out_pf', datasink, 'resting.ga.compmaps.@p')

wf.connect (registration, 'outputspec.min cost_file', datasink,
'resting.ga.mincost"')

wf.connect (tsnr, 'tsnr file', datasink, 'resting.ga.tsnr.lmap')

wf.connect ([ (get_roi_tsnr, datasink,
[('avgwf_txt_file', 'resting.ga.tsnr'),
('summary_file', 'resting.ga.tsnr.@summary')]l)])

wf.connect (bandpass, 'out_files', datasink,
'resting.timeseries.@bandpassed')

wf.connect (createfilterl, 'out_files', datasink,
'resting.regress.@regressors’')

wf.connect (createfilter2, 'components_file', datasink,
'resting.regress.@compcorr')

wf.connect (sampleaparc, 'summary_file', datasink,
'resting.parcellations.aparc')

wf.connect (sampleaparc, 'avgwf_ txt_ file', datasink,
'resting.parcellations.aparc.@avgwf')

wf.connect (ts2txt, 'out_file', datasink,
'resting.parcellations.grayo.@subcortical')

datasink2 = Node (interface=DataSink (), name="datasink2")
datasink2.inputs.base_directory = sink_directory
datasink2.inputs.container = subject_id
datasink2.inputs.substitutions = substitutions

datasink.inputs.regexp_substitutions = regex_subs # (r'(/_.*(\d+/))"', r'/run\2")

art, 'intensity_files', datasink, 'resting.ga.art.@intensity')
art, 'outlier_files', datasink, 'resting.ga.art.@outlier files"')

wf.connect (mask, 'mask_file', datasink, 'resting.mask_files.@brainmask')
wf.connect (mask_target, 'out_file', datasink, 'resting.mask_ files.target')

(
(
(
wf.connect (filterl, 'out_pf', datasink, 'resting.ga.compmaps.@mc_pF")
(
(
(

wf.connect (smooth, 'out_file', datasink, 'resting.timeseries.@smoothed")

wf.connect (maskts, 'out_file', datasink, 'resting.timeseries.target')

datasink2.inputs.regexp_substitutions = regex_subs # (r'(/_.x(\d+/)) ", r'/run\2")
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wf.connect (combiner, 'out_file', datasink2,
'resting.parcellations.grayo.@surface')
return wf

Creates the full workflow including getting information from dicom files

def create_resting_workflow(args, name=None) :
TR = args.TR
slice_times = args.slice_times
if args.dicom_file:
TR, slice_times, slice_thickness get_info(args.dicom_file)
slice_times = (np.array(slice_times) / 1000.).tolist ()

if name is None:
name = 'resting_ ' + args.subject_id

kwargs = dict (
files=[os.path.abspath(filename) for filename in args.files],
target_file=os.path.abspath (args.target_file),
subject_id=args.subject_id,
TR=TR,
slice_times=slice_times,
vol_fwhm=args.vol_fwhm,
surf_fwhm=args.surf_fwhm,
norm_threshold=2.,
subjects_dir=os.path.abspath(args.fsdir),
target_subject=args.target_surfs,
lowpass_freg=args.lowpass_freq,
highpass_freg=args.highpass_freq,
sink_directory=os.path.abspath (args.sink),
name=name)

wf = create_workflow (xxkwargs)

return wf

if _name_ == "_ _main__ ":
from argparse import ArgumentParser, RawTextHelpFormatter
defstr = ' (default $%(default)s)'
parser = ArgumentParser (
description=__doc_, formatter_class=RawTextHelpFormatter)
parser.add_argument (
n_gn,

"——dicom_file",

dest="dicom_ file",

help="a SIEMENS example dicom file from the resting series")
parser.add_argument (

Hif",

"-—files",

dest="files",

nargs="+",

help="4d nifti files for resting state",

required=True)
parser.add_argument (

nog,

"--target",

dest="target_file",

help=("Target in MNI space. Best to use the MindBoggle "

"template - "

(continues on next page)
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"OASIS-30_Atropos_template_in_ MNI152_2mm.nii.gz"),

required=True)
parser.add_argument (

nogm,

"-—-subject_id",

dest="subject_id",

help="FreeSurfer subject id",

required=True)
parser.add_argument (

"-—-subjects_dir",

dest="fsdir",

help="FreeSurfer subject directory",

required=True)
parser.add_argument (

"-—target_surfaces",

dest="target_surfs",

nargs="+",

default=["'fsaverageb'],

help="FreeSurfer target surfaces" + defstr)
parser.add_argument (

"--TR",

dest="TR",

default=None,

type=float,

help="TR if dicom not provided in seconds")
parser.add_argument (

"-—slice_times",

dest="slice_times",

nargs="+",

type=float,

help="Slice onset times in seconds")
parser.add_argument (

'-—vol_fwhm',

default=6.,

dest="'vol_fwhm',

type=float,

help="Spatial FWHM" + defstr)
parser.add_argument (

'-—surf_fwhm',

default=15.,

dest="surf_ fwhm',

type=float,

help="Spatial FWHM" + defstr)
parser.add_argument (

117111,

"--lowpass_freq",

dest="lowpass_freq",

default=0.1,

type=float,

help="Low pass frequency (Hz)" + defstr)
parser.add_argument (

noyn,

"--highpass_freq",

dest="highpass_freq",

default=0.01,

type=float,

help="High pass frequency (Hz)" + defstr)

(continues on next page)
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parser.add_argument (

"_om,

"—-—output_dir",

dest="sink",

help="Output directory base",

required=True)
parser.add_argument (

"-w", "—--work_dir", dest="work_dir", help="Output directory base")
parser.add_argument (

m_pn

"-—plugin",

dest="plugin",

default="Linear',

help="Plugin to use")
parser.add_argument (

"--plugin_args", dest="plugin_args", help="Plugin arguments")
args = parser.parse_args ()

wf = create_resting_workflow (args)

if args.work_dir:

work_dir = os.path.abspath (args.work_dir)
else:

work_dir = os.getcwd()

wf.base_dir = work_dir
if args.plugin_args:

wf.run(args.plugin, plugin_args=eval (args.plugin_args))
else:

wf.run(args.plugin)

Example source code
You can download the full source code of this example. This same script is also included in
the Nipype source distribution under the examples directory.
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CHAPTER 37

Paper: Smoothing comparison

from builtins import range

import nipype.interfaces.io as nio # Data i/o

import nipype.interfaces.spm as spm # spm

import nipype.interfaces.freesurfer as fs # freesurfer

import nipype.interfaces.nipy as nipy

import nipype.interfaces.utility as util

import nipype.pipeline.engine as pe # pypeline engine

import nipype.algorithms.modelgen as model # model specification
import nipype.workflows.fmri.fsl as fsl wf

from nipype.interfaces.base import Bunch

import os # system functions

preprocessing = pe.Workflow (name="preprocessing")
iter_fwhm = pe.Node (
interface=util.IdentityInterface (fields=["fwhm"]), name="iter fwhm")

iter_fwhm.iterables = [('fwhm', [4, 8])]

iter_smoothing method = pe.Node (

int