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Introduction

We present new advances made to Clinica (www.clinica.run), an open source software platform
for clinical neuroscience studies. Neuroimaging studies are challenging since they involve several
data analysis steps such as image preprocessing, extraction of image-derived features or statistical
analysis. The development of machine learning methods for neuroimaging also involves most of
these steps. The objective of Clinica is to automate the processing and statistical analysis of
neuroimaging data and ease the development of machine learning approaches.

New functionalities have been integrated to Clinica to enable the longitudinal analysis of T1w
MRI and PET data, and the development of deep learning classification approaches. Other advances
aim to consolidate the platform.

Methods

The core of Clinica is written in Python and mainly relies on Nipype (Gorgolewski et al., 2011)
to create pipelines. These pipelines involve the combination of different software packages widely
used in the neuroimaging community: FreeSurfer (Fischl, 2012), FSL (Jenkinson et al., 2012),
SPM (Frackowiak et al., 1997), ANTs (Avants et al., 2014), MRtrix3 (Tournier et al., 2012), and
PETPVC (Thomas et al., 2016). Features extracted with the different pipelines can be used as
inputs to statistical or machine learning analysis. The input neuroimaging data are expected to
follow the BIDS data structure (Gorgolewski et al., 2016).
New functionalities of Clinica can be divided into three main parts.

1. Clinica now comprises pipelines that are specifically dedicated to the processing of longitu-
dinal data sets: t1-freesurfer-longitudinal and pet-surface-surface. The longitudinal
FreeSurfer stream (Reuter et al., 2012) processes a series of T1w MR images acquired at differ-
ent time points for the same subject to increase the accuracy of volume and thickness estimates.
The resulting pial and white surfaces can then be used for the projection of the PET signal
using the methodology described in (Marcoux et al., 2018). Finally, longitudinal surface-based
data can be plugged to the statistics-surface pipeline, which relies on SurfStat (Worsley
et al., 2009).

2. Previous releases provided integration between outputs of Clinica and machine learning al-
gorithms from scikit-learn (Pedregosa et al., 2011). We now provide pipelines that preprocess
neuroimaging data for deep learning classification: the t1-linear mainly performs affine regis-
tration of T1w images to a standard space using ANTs (Avants et al., 2014) and d1-prepare-dl
prepares raw or processed data for integration with PyTorch (e.g. extraction of patches/slices).

3. Other functionalities were also developed or enhanced:

— creation of Docker and Singularity images to automate the installation of software depen-
dencies and ease the execution of pipelines;

— update of the adni-2-bids converter that now includes ADNI3 and new modalities (fMRI,
new PET tracers);

— development of nifd-2-bids that converts the NIFD dataset (http://4rtni-ftldni.ini.usc.edu),
which contains data of patients with frontotemporal lobar degeneration, to BIDS;



— update of the dwi-preprocessing pipeline that now uses the FSL eddy tool (Andersson
et al., 2016a 2016b);

— development of the statistics-volume pipeline that enables statistical analysis on voxel-
based features using the general linear model through the wrapping of SPM functions
(Friston et al, 2007).

Pipelines available in Clinica are listed in Figure 1.

Results

The new functionalities of Clinica aim to answer the needs of its target audience. Neuroscientists
and clinicians conducting clinical neuroscience studies will benefit from longitudinal pipelines, and
researchers developing advanced machine learning algorithms will benefit from new pipelines that
ease the application of deep learning approaches to neuroimaging data.

Conclusions

Clinica (www.clinica.run) is an open source software platform that aims to make clinical research
studies easier and to pursue the community effort of reproducibility.
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Figure 1 List of the pipelines currently available in Clinica with their dependencies and outputs. Older pipelines are indicated in blue while new or updated
pipelines are indicated in purple. Explanations regarding the atlases can be found in the Wiki of Clinica.




