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Launched in 2012, C-PAC is implemented in Python using the Nipype pipelining library, which provides mechanisms to automatically detect and exploit parallelism in a pipeline, maintain 
provenance, iterate over parameter settings, and restart a pipeline without re-executing previously completed steps.

C-PAC extends Nipype functionality by providing workflows specific to connectivity analyses, functional connectivity derivatives and analyses not present in other neuroimaging packages. 
The C-PAC workflows are built from AFNI (Cox, 1996) and FSL (Smith et al., 2004) tools, as well as algorithms coded in Python using SciPy (Virtanen et al., 2020), NumPy (Harris et al., 2020) 
and scikit-learn (Pedregosa et al., 2011). C-PAC is designed to seamlessly interact with shared memory (multi-core) and cluster-based (e.g. Slurm, Sun Grid Engine) high performance 
computing environments to minimize computation time. Over the past two years, inspired by the needs of the BRAIN Initiative, the C-PAC team has placed an increased emphasis on 
implementing customizations to support nonhuman primate, rodent and longitudinal (including pre/post) studies. 

The Configurable Pipeline for the Analysis of Connectomes (C-PAC) is a configurable, open-source, Nipype(Gorgolewski et al., 2011)-based, automated processing pipeline for resting state 
functional MRI (R-fMRI) data, for use by both novice and expert users. C-PAC is designed to bring the power, flexibility and elegance of the Nipype platform to users in a plug and play 
fashion—without requiring the ability to program. Using an easy to read, text-editable configuration file or a graphical user interface, C-PAC users can rapidly orchestrate automated R-fMRI 
processing procedures, including: quality assessment measurements, image preprocessing based upon user specified preferences, generation of functional connectivity maps (e.g., 
seed-based correlation analysis), customizable extraction of time-series data, generation of graphical representations of the connectomes at various scales (e.g., voxel, parcellation unit), 
generation of local R-fMRI measures (e.g., regional homogeneity, voxel-matched homotopic connectivity, frequency amplitude measures). At the group level, C-PAC features 
Connectome-Wide Association Studies, Bootstrap Analysis of Stable Clusters, Intersubject Correlation Analysis (based on BrainIAK (Kumar et al., 2020)), and integrated group statistics 
using FSL/FEAT (Smith et al., 2004). Users can easily extract preprocessed time-series data and connectivity matrices for analysis with other packages.

Conclusions
Following an iterative development process and multiple efforts to update the capabilities of the C-PAC project, the functional connectomics-focused pipeline configuration and 
execution platform is readying to exit its beta phase. We believe that the extended maturation process has allowed us to deliver the software needed to meet the ambitions and scale 
of cutting edge functional connectomics efforts.
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