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1. binarization:   
2.   type: float  
3.   min: 0.0 
4.   default: 0.0 
5.   dependency: [modality: [rsfMRI, dmri]]   
6.   required: false 
7.   desc: "Threshold above which voxels in the ROI mask image are ..."   

float

Validator cbptools create

Validator _rule_ _rule_type()

_rule_custom_ float

string RuleError

RuleError

self

https://cbptools.readthedocs.io/en/latest/configuration/parameters.html
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DataSet

Setup
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input output log benchmark threads resources params run shell

None



Chapter 2: Implementation 

42 

Rule

RuleAll

build_workflow is_active
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{participant_id}
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$ probtrackx2 --help   
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cbptools

.venv

$ python3 -m venv ~/.venv/cbptools   
$ source ~/.venv/cbptools/bin/activate   

$ pip install cbptools   

$ pip install git+https://github.com/inm7/cbptools 

 

$ cbptools example --get modality   

https://packaging.python.org/guides/installing-using-pip-and-virtual-environments/
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• 

• 

• 

$ cbptools create --config /path/to/config.yaml --workdir 
/path/to/workdir   

--config -c

--workdir -w

--workdir /path/to/workdir

--workdir --force

 

create
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create

--workdir

$ snakemake -j 8 --resources mem_mb=20000   

cluster.json

“__default__”

cluster.json --cluster

https://snakemake.readthedocs.io/en/stable/executable.html
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-c

“__default__”

8. {   
9.     "__default__" :   
10.     {   
11.         "account" : "my account",   
12.         "time" : "01:00:00",   
13.         "n" : 1,   
14.         "N" : 1,   
15.         "c" : 1,   
16.         "partition" : "core",   
17.         "out" : "log/{rule}-%j.out",   
18.         "name" : "unknown",   
19.         "mem" : "1000M"   
20.     }   
21. }   

“mem” “time”

“mem”

cluster.json

cluster.json

{cluster.partition} core

$ snakemake -j 999 -w 240 -u cluster.json --resources mem_mb=20000 -c 
“sbatch -p {cluster.partition} -n {cluster.n} -N {cluster.N} -t 
{cluster.time} -c {cluster.c} --mem-per-cpu={cluster.mem} --
out={cluster.out} --job-name={cluster.name}”   

-c

sbatch -w 240

-j

mem_mb io

--resources io=10
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.npy

 

nibabel.processing.smooth_image

nearest

numpy.finfo(np.float32).eps

inf NaN

https://nipy.org/nibabel/reference/nibabel.processing.html#nibabel.processing.smooth_image
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1. import numpy as np   
2. time_series = time_series - np.dot(confounds, np.linalg.lstsq(confounds, data,

 rcond=-1)[0])   

1. import numpy as np   
2.    
3. # Standardization   
4. x, y = map(lambda z: (z - np.mean(z, axis=0)) / np.std(z, axis=0, ddof=0), (x,

 y)  
5.    
6. # Correlation   
7. r = (y.T.dot(x) / x.shape[0]).T.astype(np.float32)   

inf NaN

inf

sklearn.decomposition.PCA

scipy.signal.detrend constant
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fdt_matrix2.dot

scipy.sparse.coo_matrix

.todense()

cbptools.image.get_f2c_order

numpy.power

 

n_clusters = [2,  

3, 4]

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FDT/UserGuide#ProbtrackXOutput
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sklearn cluster.KMeans

cluster.SpectralClustering cluster.AgglomerativeClustering

numpy.linalg.LinAlgError

log/validate_cluster_labels.log

 

spatial.distance.pdist cluster.hierarchy
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1. y = pdist(x, metric='hamming')   
2. z = hierarchy.linkage(y, method=linkage, metric='hamming')   
3. coph = hierarchy.cophenet(z, y)   
4. reference_labels = hierarchy.cut_tree(z, n_clusters=len(np.unique(x)))   

mode stats.mode

 

sklearn.metrics
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data: connectivity

parameters:  

clustering: cluster options: kernel

 

1. modality: rsfmri   
2. data:  
3.   session: [sess1, sess2, sess3] 
4.   time_series: /path/to/data_set/{participant_id}/{session}/time_series.nii.gz 
5.   confounds:   
6.     columns: [‘constant’, ‘wm.linear’, ‘csf.linear’, ‘motion-*’] 
7.     delimiter: \t 
8.     file: /path/to/data_set/{participant_id}/{session}/confounds.tsv 
9.   masks: 
10.     seed: /path/to/seed_mask.nii.gz 
11.     target: /path/to/target_mask.nii.gz 
12.     space: standard 
13.   … 

{session}
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parameters: report: individual_plots

data: masks: space

 

data: masks: seed
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$ cbptools create -c config_r_amygdala_dmri.yaml -w r_amygdala_dmri   

$ cd r_presma-sma_rsfmri    
$ snakemake -j 4 --resources mem_mb =15000   

$ cd r_amygdala_dmri    
$ snakemake -j 4 --resources mem_mb =15000   
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hours:minutes:seconds
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pip install -e .

git push origin master

https://github.com/inm7/cbptools
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git clone

 

cbptools/cbptools/tasks/

clustering.py

https://github.com/inm7/cbptools
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kmeans_clustering clustering.py
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clustering.py
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__all__

cbptools/workflow.py
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name

ward_clustering

is_active
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log benchmark

cluster_json

threads resources

run

tasks.ward_clustering(input, output,  

params, …) name

shell

RuleAll

 

Validator
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1. binarization:   
2.   type: float  
3.   min: 0.0 
4.   default: 0.0 
5.   dependency: [modality: [rsfMRI, dmri]]   
6.   required: false 
7.   desc: "Threshold above which voxels in the ROI mask image are ..." 
8.   custom: [has_sessions] 

_rule_custom_

cbptools/validation.py _rule_custom_has_sessions
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rule_required

time_series

time_series

modality = ‘rsfmri’

rule_type

list[string]

rule_contains

{participant_id}

rule_allowed
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rule_max

rule_min

rule_maxlength

rule_minlength

rule_custom_bandpass

rule_custom_voxdim

rule_custom_tr

rule_custom_agglomerative_linkage

rule_custom_has_sessions

{session}
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rule_custom_space_match

{participant_id}

rule_custom_benchmarking

rule_custom_spectral_kernel

rule_custom_references

rule_custom_resample

rule_custom_has_inv_xfm
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participant_id
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Appendix 4: List of configuration parameters 

137 

 

→

→

string, required, allowed=[‘*.tsv’, ‘*.csv’, ‘*.xls’, ‘*.xlsx’]   
Path to a tabular file containing a column with participant-ids. When a 

{participant_id} wildcard substring is requested, then the file path 

must contain this template at the place where otherwise the participant-

id would go. This wildcard will be replaced by the actual participant-ids 

during execution of the pipeline. 

→

string  
Delimiter to use (e.g., ‘\t’ for tab-, or ‘,’ for comma-delimited files). 

→

string  
Name of the column containing the participant-ids. 

list[string]  
If multiple sessions are to be used for each subject, enter the sessions as 

partial paths here. For example, [‘sess1’, ‘sess2’] will replace the 

{session} wildcard substring used in time_series and confounds with 

both ‘sess1’ and ‘sess2’, similar to how {participant_id} is replaced with 

the subject-id. 

string, required, allowed=[‘*.nii’, ‘*.nii.gz’], dependency(modality ==  

‘rsfmri’)  
Path to a 4D NIfTI image containing the resting-state time-series (x, y, 

z, timepoints). The time-series shape and affine must match that of the 
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seed and target masks. This field must contain the {participant_id} 

wildcard substring, as there should be one time-series image per subject. 

→

string, allowed=[‘*.tsv’, ‘*.csv’], dependency(modality == ‘rsfmri’)  
Path to a delimited (e.g., .tsv for tab-delimited) file with a confound 

signal per columns and a 1-line header. Columns can be selected using 

the columns parameter. The column length (i.e., number of rows) must 

match the length of the timepoints in the signal time-series. 

→

string, dependency(modality == ‘rsfmri’)  
Delimiter to use (e.g., ‘\t’ for tab-, or ‘,’ for comma-delimited files). 

→

list[string], dependency(modality == ‘rsfmri’)  
List of columns that should be used. If left empty, all columns are used. 

Otherwise only the selected columns will be used in nuisance signal 

regression. A glob pattern (*) can be used to select multiple columns 

that match the expression (e.g., ‘motion-*’ includes ‘motion-x’, ‘motion-

y’, ‘motion-z’, etc.) 

string, required, allowed=[‘*.nii’, ‘*.nii.gz’], dependency(modality ==  

‘dmri’)  
File path to a BET binary mask file. This field must contain the 

{participant_id} wildcard substring. 

string, allowed=[‘*.nii’, ‘*.nii.gz’], dependency(modality == ‘dmri’)  
Transform taking seed space to DTI space (either FLIRT matrix or 

FNIRT warpfield). This field must contain the {participant_id} 

wildcard substring. 

string, allowed=[‘*.nii’, ‘*.nii.gz’], dependency(modality == ‘dmri’)  
Transform taking DTI space to seed space. This field must contain 

{participant_id} wildcard substring. 

string, required, dependency(modality == ‘dmri’)  
Merged samples derived from bedpostx output. This field must contain 

the {participant_id} wildcard substring. Note that this is the same file 

path that would otherwise be entered in FSL. It selects all files that 
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start with the entered file path (e.g., /path/to/samples/merged will 

take all files starting with merged in the /path/to/samples folder). 

string, required, allowed=[‘*.npy’, ‘*.npz’], dependency(modality ==  

‘connectivity’)  
The path to a seed by target connectivity matrix. The number of seed 

voxels on the first dimension must match the number of seed voxels in 

the seed mask image. The order in which the seed voxels are listed 

along the first axis depends on the order that was used to extract the 

voxels from the mask (i.e., F- or C-contiguous order). CBPtools 

connectivity matrices have the seed voxels in C-order. This field must 

contain the {participant_id} wildcard substring. The extension must be 

either .npy or .npz. If the compressed .npz format is used, the array in 

the archive must be named connectivity.npy. 

string, required, allowed=[‘*.npy’], dependency(modality == ‘connectivity’)  
The path to a 2D NumPy array file with shape of the number of seed 

voxels by 3. The file contains the 3D coordinates of each seed voxel in 

the order that the seed voxels appear in the connectivity matrix. 

→

string, required, allowed=[‘*.nii’, ‘*.nii.gz’]   
Path to a binary region-of-interest NIfTI image in the same space as the 

time-series and target mask. 

→

list[integer], dependency(modality in [‘rsfmri’, ‘dmri’])   
If an atlas is used as the seed, specify a list of integers containing the 

IDs of the regions that should be merged into the seed mask. If only one 

ID is given, the voxels carrying that ID in the atlas will become the 

seed mask. If multiple IDs are given, a composite binary mask will be 

generated of all selected regions in the atlas. 

→

string, allowed=[‘*.nii’, ‘*.nii.gz’], dependency(modality in [‘rsfmri’,  

‘dmri’])   
Path to a binary NIfTI image covering a target region (e.g., the whole 

brain). If left empty, the MNI152 2mm grey-matter mask will be used 

as the default target mask. 

→

string, allowed=[‘standard’, ‘native’]   
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If native is used, then CBPtools assumes that both seed- and target 

masks are in the native space of each individual subject. This requires 

the {participant_id} wildcard substring to be present in the file path to 

the seed and target masks. Note that group results cannot be computed 

in native space and are therefore skipped. If standard is used, then the 

seed and target masks are assumed to be in the same group template 

space (e.g., MNI152 2mm space). 

→

boolean  
Resample the seed and target masks to the space of the input data. 

This option will use the NiBabel function 

‘nibabel.processing.resample_to_from’ with mode=’nearest’ and 

order=0. It is only used for single-subject parcellations 

(data.masks.space=’native’) when one seed and target mask are given 

rather than one seed and target mask per subject. For dMRI data it is 

only used on the seed image if the xfm and inv_xfm are not given. 

→

list[string], allowed=[‘*.nii’, ‘*.nii.gz’]  
Paths to one or more reference images. These images must be in the 

same space as the seed mask, cover the exact same voxels, and have at 

least 2 clusters. The reference images will be compared to the group 

clustering results. The comparison results will be provided as figures.

→ →

float, default=0.0, dependency(modality in [‘rsfmri’, ‘dmri’])   
Threshold above which voxels in the ROI mask image are defined as 1’s. 

This is only applied if the mask is not binary. 

→ → →

boolean, default=False, dependency(modality in [‘rsfmri’, ‘dmri’])   
Apply median filtering to the ROI mask.

→ → →

integer, default=1, dependency(modality in [‘rsfmri’, ‘dmri’])   
Median filtering distance in mm (i.e., the size of the area to compute 

the median from for each voxel).

→ → →

boolean, default=False, dependency(modality == ‘dmri’)   



Appendix 4: List of configuration parameters 

141 

Upsample the seed mask to the specified voxel size (e.g., from [3, 3, 3] 

as 3mm isotropic to [1, 1, 1] as 1mm isotropic). If left empty or as null, 

no upsampling will be done.

→ → →

list[float], default=[1, 1, 1], dependency(modality == ‘dmri’)   
The voxel dimensions to which the seed mask should be upsampled.

→ →

float, default=0.0, dependency(modality in [‘rsfmri’, ‘dmri’])   
Threshold above which voxels in the target mask image are defined as 

1’s. This is only applied if the mask is not binary. 

→ → →

boolean, default=False, dependency(modality in [‘rsfmri’, ‘dmri’])   
Remove the seed voxels from the target mask. 

→ → →

integer, default=0, dependency(modality in [‘rsfmri’, ‘dmri’])   
Expand the border around the seed mask (in millimetre) for removal 

from the target mask. This should only be applied if the input time-

series data is smoothed, using the smoothing kernel as a value for this 

parameter. 

→ →

boolean, default=True, dependency(modality == ‘rsfmri’)   
Apply subsampling to the target mask to improve computational 

efficiency at minimal loss of specificity. This removes every second voxel 

from the mask and is only recommended if the data has been smoothed. 

→ → →

boolean, default=False, dependency(modality == ‘dmri’)   
Downsample the target mask to the specified voxel size, similar to how 

upsample_seed_to works. 

→ → →

list[float], default=[3, 3, 3], dependency(modality == ‘dmri’)   
The voxel dimensions to which the target mask should be downsampled. 

→ →

boolean, default=True, dependency(modality == ‘rsfmri’)   
When more than the specified ratio of voxels within the seed has 

extremely low or no variance over the entire time course, the processing 

of this participant will not continue. A detailed error report is provided 
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once all connectivity is processed and further processing is halted until 

the problems are resolved. 

→ →

float, default=0.05, dependency(modality == ‘rsfmri’)   
Ratio of allowed low-variance voxels occurring within the seed region. 

→ →

float, default=0.1, dependency(modality == ‘rsfmri’)   
Ratio of allowed low-variance voxels occurring within the target region. 

→ →

boolean, default=False, dependency(modality == ‘rsfmri’)   
Perform band-pass filtering on the signal time-series. 

→ →

list[float], default=[0.01, 0.08], dependency(modality == ‘rsfmri’)   
High- and low-pass value (respectively) for the band-pass filter. Note 

that if this value is set, TR should also be defined. 

→ →

float, default=None, dependency(modality == ‘rsfmri’)  
Repetition time in seconds 

→ →

boolean, default=False, dependency(modality == ‘rsfmri’)  
Apply smoothing to the signal time-series. 

→ →

integer, default=5, dependency(modality == ‘rsfmri’)  
FWHM kernel value for smoothing. 

→ →

boolean, default=True, dependency(modality == ‘rsfmri’)  
Apply an arctanh transform to the connectivity matrix. 

→ →

boolean, default=False, dependency(modality in [‘rsfmri’, ‘dmri’])  
Apply a PCA transform to the connectivity matrix. 

→ →

float or integer, default=0.95, dependency(modality in [‘rsfmri’, ‘dmri’])  
Number of components to keep (if an integer above or at 1) or amount 

of explained variance (if a float below 1). This value is equivalent to 

n_components in sklearn.decomposition.PCA. 
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→

float, default=5.0, dependency(modality == ‘dmri’)  
Discards samples shorter than this threshold in millimetre (see 

probtrackx2 documentation). 

→

boolean, default=True, dependency(modality == ‘dmri’)  
Perform loop checks on paths – slower, but allows curvature threshold 

(see probtrackx2 documentation). 

→

float, default=0.2, dependency(modality == ‘dmri’)  
Curvature threshold (see probtrackx2 documentation). 

→

float, default=0.5, dependency(modality == ‘dmri’)  
Step length in millimeter (see probtrackx2 documentation). 

→

integer, default=5000, dependency(modality == ‘dmri’)  
Number of samples (see probtrackx2 documentation). 

→

integer, default=2000, dependency(modality == ‘dmri’)  
Number of steps per sample (see probtrackx2 documentation). 

→

boolean, default=True, dependency(modality == ‘dmri’)  
Correct path distribution for the length of the pathways (see 

probtrackx2 documentation). 

→ →

boolean, default=True, dependency(modality == ‘dmri’)  
Apply a cubic transformation on the connectivity matrix. 

→

boolean, default=True, dependency(modality == ‘dmri’)  
Remove all files created by probtrackx2 (except fdt_matrix2.dot) after 

the connectivity matrix has been extracted. 

→

string, default=’kmeans’, allowed=[‘kmeans’, ‘spectral’, ‘agglomerative’]   
Clustering method to be used, either k-means, spectral clustering, or 

agglomerative (hierarchical) clustering. 
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→

list[integer], default=[], required   
A list of cluster numbers to be evaluated (entered as [2, 3, 8] to receive 

a 2, 3, and 8-cluster solution). 

→ →

string, default=’auto’, allowed=[‘auto’, ‘full’, ‘elkan’]   
k-means algorithm to use (see sklearn.cluster.KMeans). 

→ →

string, default=’k-means++’, allowed=[‘k-means++’, ‘random’]   
Method for initialization (see sklearn.cluster.KMeans). 

→ →

integer, default=10000   
Maximum number of iterations of the k-means algorithm for a single 

run (see sklearn.cluster.KMeans). 

→ →

integer, default=256   
Number of times the k-means algorithm will be run with different 

centroid seeds (see sklearn.cluster.KMeans or 

sklearn.cluster.SpectralClustering). 

→ →

string, default=’nearest_neigbors’, allowed=[‘additive_chi2’, ‘chi2’,  

‘linear’, ‘polynomial’, ‘rbf’, ‘laplacian’, ‘sigmoid’, ‘cosine’,  

‘nearest_neighbors’, ‘precomputed’, ‘precomputed_nearest_neighbors’]   
Kernel to be used (see the affinity parameter in 

sklearn.cluster.SpectralClustering). 

→ →

float, default=None  
Kernel coefficient for rbf, poly, sigmoid, Laplacian, and chi2 kernels. 

Ignored when kernel=’nearest_neighbors’ (see 

sklearn.cluster.SpectralClustering). 

→ →

integer, default=10  
Number of neighbours to use when constructing the affinity matrix 

using the nearest neighbours method (see 

sklearn.cluster.SpectralClustering). 
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→ →

string, default=’kmeans’, allowed=[‘kmeans’, ‘discretize’]  
The strategy to use to assign labels in the embedding space (see 

sklearn.cluster.SpectralClustering). 

→ →

float, default=3.0  
Degree of the polynomial kernel (see sklearn.cluster.SpectralClustering). 

→ →

float, default=1.0  
Zero coefficient for polynomial and sigmoid kernels (see 

sklearn.cluster.SpectralClustering). 

→ →

float, default=1e-10  
Stopping criterion for eigendecomposition of the Laplacian matrix when 

eigen_solver=’arpack’ (see sklearn.cluster.SpectralClustering). 

→ →

string, default=None, allowed=[None, ‘arpack’, ‘lobpcg’, ‘amg’]  
The eigenvalue decomposition strategy to use. AMG requires pyamg to 

be installed (see sklearn.cluster.SpectralClustering). 

→ →

string, default=’euclidean’, allowed=[‘euclidean’, ‘l1’, ‘l2’, ‘manhattan’,  

‘cosine’]  
Metric to compute the linkage. If linkage is ‘ward’, only ‘euclidean’ is 

accepted (see sklearn.cluster. AgglomerativeClustering). 

→ →

string, default=’ward’, allowed=[‘ward’, ‘complete’, ‘average’, ‘single’]  
Which linkage criterion to use (see 

sklearn.cluster.AgglomerativeClustering). 

→ →

string, default=’complete’, allowed=[‘complete’, ‘average’, ‘single’]  
The linkage algorithm to use (see scipy.cluster.hierarchy.linkage). 

→ →

string, default=’mode’, allowed=[‘mode’, ‘agglomerative’]  
Method for grouping the clustering results of all subjects. 

→ →

list[string], default=[’silhouette_score’], allowed=[‘silhouette_score’,  
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‘davies_bouldin_score’, ‘calinski_harabasz_score’]  
List of internal validity metrics to use for cluster validity assessment. 

→ →

string, default=’adjusted_rand_score’, allowed=[‘adjusted_rand_score’,  

‘adjusted_mutual_info_score’, ‘v_measure_score’]  
Similarity metric to use to generate between-subject cluster comparisons 

and subject to group-level cluster comparisons. 

→ →

string, default=’png’, allowed=[‘png’, ‘svg’, ‘pdf’, ‘ps’, ‘eps’]  
Format of the output figures generated for the summary. 

→ →

boolean, default=False  
Generate cluster-labelled ROI voxel plots for each individual subject (in 

addition to the group clustering results). 

→ →

boolean, default=False  
Benchmark the execution of each workflow task. The psutil package 

must be installed for benchmarking. 

→ →

boolean, default=True  
Compress interim output (i.e., NIfTI images and NumPy arrays) to 

reduce the file size. This comes at the cost of slower processing speed.
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data.masks.seed

{participant_id}

{session} {participant_id}

{session} data.session
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AFNI (Analysis of Functional NeuroImages). Software suite for the analysis and 

display of anatomical and functional MRI data. https://github.com/afni/afni   

ANTS (Advanced Normalization Tools). A toolkit for medical image registration and 

segmentation. https://github.com/ANTsX/ANTs  

BrainMap. A database of published functional and structural neuroimaging 

experiments with coordinate-based results. http://www.brainmap.org/  

dMRIPrep. Pipeline for pre-processing of diverse dMRI data. 

https://github.com/nipreps/dmriprep  

FIX (FMRIB’s ICA-based Xnoiseifier). Tool for automatic classification of ICA 

components for denoising. https://github.com/jelman/FSL_FIX  

fMRIPrep. Pre-processing pipeline for fMRI data. 

https://github.com/poldracklab/fmriprep  

FSL. Library of analysis tools for fMRI, MRI, and DTI brain imaging data. 

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/  

* probtrackX2. Tool for performing probabilistic tractography on bedpostx 

output. 

* bedpostX. Bayesian estimation of diffusion parameters obtained using 

sampling techniques 

FreeSurfer. Software for the analysis and visualization of neuroimaging data from 

cross-sectional and longitudinal studies. https://github.com/freesurfer/freesurfer  

HTCondor. Distributed high throughput computing system. 

https://github.com/htcondor/htcondor  

ICA-AROMA (ICA-based Automatic Removal Of Motion Artifacts). Method (and 

software) for identification and removal of motion-related independent 

components from fMRI data. https://github.com/maartenmennes/ICA-AROMA  

JuBrain Anatomy Toolbox. An SPM plugin for combining probabilistic 

cytoarchitectonic maps and functional imaging data. 

https://github.com/inm7/jubrain-anatomy-toolbox   

https://github.com/afni/afni
https://github.com/ANTsX/ANTs
http://www.brainmap.org/
https://github.com/nipreps/dmriprep
https://github.com/jelman/FSL_FIX
https://github.com/poldracklab/fmriprep
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
https://github.com/freesurfer/freesurfer
https://github.com/htcondor/htcondor
https://github.com/maartenmennes/ICA-AROMA
https://github.com/inm7/jubrain-anatomy-toolbox
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Matlab. Software and programming language for matrix and array mathematics. 

https://www.mathworks.com/products/matlab.html  

Neurodebian. Software delivery platform for Neuroscience. 

https://github.com/neurodebian/neurodebian  

NeuroVault. Web database for statistical maps. 

https://github.com/NeuroVault/NeuroVault & https://www.neurovault.org/  

NeuroSynth. Platform for large-scale automated synthesis of fMRI data. 

https://neurosynth.org/  

Python. High-level general-purpose programming language for quick and efficient 

software integration. https://www.python.org/  

Slurm. Highly scalable workload manager. https://github.com/SchedMD/slurm  

 

https://www.mathworks.com/products/matlab.html
https://github.com/neurodebian/neurodebian
https://github.com/NeuroVault/NeuroVault
https://www.neurovault.org/
https://neurosynth.org/
https://www.python.org/
https://github.com/SchedMD/slurm
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pip install  

<name> pip3 install <name>

matplotlib. Library for static, animated, and interactive plots. 

https://github.com/matplotlib/matplotlib  

nibabel. Utility for read/write access to some common neuroimaging file formats. 

https://github.com/nipy/nibabel  

nitime. Timeseries analysis for neuroimaging data. https://github.com/nipy/nitime  

nipype. Workflows and interfaces for neuroimaging packages. 

https://github.com/nipy/nipype  

numpy. Package for scientific computing in Python. https://github.com/numpy/numpy  

pandas. Data analysis and manipulation library based on R data.frame objects. 

https://github.com/pandas-dev/pandas  

pip. Python package installer. https://github.com/pypa/pip 

psutil. Library for process and system monitoring. https://github.com/giampaolo/psutil   

pyyaml. YAML parser and emitter for Python. https://github.com/yaml/pyyaml  

scipy. Library for mathematics, science, and engineering. https://github.com/scipy/scipy  

scikit-learn. Machine learning in Python. https://github.com/scikit-learn/scikit-learn  

snakemake. Workflow management system. https://github.com/snakemake/snakemake  

seaborn. Statistical data visualization using matplotlib. 

https://github.com/mwaskom/seaborn  

virtualenv (venv). Virtual Python environment builder. 

https://github.com/pypa/virtualenv   

 

https://github.com/matplotlib/matplotlib
https://github.com/nipy/nibabel
https://github.com/nipy/nitime
https://github.com/nipy/nipype
https://github.com/numpy/numpy
https://github.com/pandas-dev/pandas
https://github.com/pypa/pip
https://github.com/giampaolo/psutil
https://github.com/yaml/pyyaml
https://github.com/scipy/scipy
https://github.com/scikit-learn/scikit-learn
https://github.com/snakemake/snakemake
https://github.com/mwaskom/seaborn
https://github.com/pypa/virtualenv
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$ datalad install --get -data --source https://github.com/inm7/cbptools -example 
-data.git   

$ cd cbptools -example -data   
$ cbptools create --config config_r_presma sma_rsfmri.yaml --workdir 

/path/to/workdir   

$ cd /path/to/workdir   
$ snakemake   

https://www.datalad.org/get%20datalad.html
https://github.com/inm7/cbptoolsexample-data
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