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Abstract

Summary: We developed BIODICA, an integrated computational environment for application of independent compo-
nent analysis (ICA) to bulk and single-cell molecular profiles, interpretation of the results in terms of biological functions
and correlation with metadata. The computational core is the novel Python package stabilized-ica which provides inter-
face to several ICA algorithms, a stabilization procedure, meta-analysis and component interpretation tools. BIODICA is
equipped with a user-friendly graphical user interface, allowing non-experienced users to perform the ICA-based omics
data analysis. The results are provided in interactive ways, thus facilitating communication with biology experts.

Availability and implementation: BIODICA is implemented in Java, Python and JavaScript. The source code is freely
available on GitHub under the MIT and the GNU LGPL licenses. BIODICA is supported on all major operating sys-

tems. URL: https://sysbio-curie.github.io/biodica-environment/.
Contact: nicolas.captier@curie.fr or andrei.zinovyev@curie.fr

1 Introduction

The recent progress of high throughput omics technologies has made
molecular data more accessible and has fostered the development of
many computational analyses to exploit the rich information they
offer. Such analyses require efficient tools to handle the high dimen-
sionality of these data and reveal the underlying biological processes.

Independent component analysis (ICA) is a statistical and com-
putational method which aims to represent observed signals as linear
mixtures of independent latent factors. ICA has been successfully
applied to omics data with the hypothesis that observed molecular
profiles result from linear combinations of unobserved biological and
technical processes (Liebermeister, 2002). In particular, it has been
shown to extract interpretable and reproducible components and has
stood out from other popular methods like principal component ana-
lysis (PCA) or non-negative matrix factorization (NMF) (Sompairac
etal.,2019).

Here, we present BIODICA, a complete computational environment
for a user-friendly application of ICA to omics data. It encompasses a

set of tools to extract and interpret reproducible independent compo-
nents, using methods that already proved to be successful in multiple
studies (Aynaud et al., 2020; Biton ez al., 2014) (Fig. 1).

2 Materials and methods

2.1 Stabilization procedure for extracting reproducible

components

The computational core of BIODICA is the Python package
stabilized-ica. It implements a stabilization procedure which addresses
the variability of the solutions of ICA algorithms when run multiple
times (Himberg and Hyvarinen, 2003). When applied to transcrip-
tomics data, not only did this procedure provide a quantification of
the significance of the independent components but it also extracted
more reproducible ones than standard ICA (Cantini et al., 2019).
Besides, it allowed the development of an approach for selecting the
optimal number of independent components to extract from omics
data (Kairov et al., 2017), which is also available in BIODICA.
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Fig. 1. BIODICA workflow

2.2 Biological annotation of extracted components
BIODICA provides a unique toolbox to help the biological
interpretation of the extracted components, combining different
annotation and visualization methods which already proved their
usefulness (Kondratova et al., 2019; Teschendorff et al., 2007).
Several knowledge-based annotation methods are proposed, such as
functional enrichment analysis using ToppFun (Chen e al., 2009),
Gene Set Enrichment Analysis (Subramanian ef al., 2005) or
network-based enrichment analysis using known graphs of protein—
protein interactions (Kairov ef al., 2012). BIODICA also integrates
an insightful visualization tool to project the independent compo-
nents on comprehensive maps of molecular interactions using
NaviCell (Bonnet et al., 2015).

2.3 Studying inter-datasets reproducibility of extracted

components

BIODICA provides a tool, based on application of mutual nearest
neighbors (MNN), to match the components extracted from several
independent omics datasets. Studying the reproducibility of inde-
pendent components across multiple datasets may help distinguishing
biological signals that are specific to a particular disease/data type or
technical biases that are specific to particular conditions (Biton et al.,
2014; Cantini et al., 2019).

3 Implementation

BIODICA comes with a user-friendly graphical user interface called
BIODICA Navigator, providing non-experienced users a no-code ac-
cess to all the BIODICA functionalities. It facilitates the communica-
tion with biology experts, producing sortable and interactive
HTML-based reports. The interface has been designed and validated
in several studies, including a study of Ewing sarcoma at single-cell
level (Aynaud et al., 2020).

4 Future developments

For now, ICA-based blind deconvolution has been mainly applied to
transcriptomics data. However, other omics technologies are now
often incorporated into biological research and could also benefit

from the ICA analysis proposed by BIODICA. A few studies recently
used ICA to deal with DNA methylation data (e.g. Meunier et al.,
2021). We plan to foster the application of such methodologies to
other omics data by adding new tools to BIODICA to interpret and
exploit the independent components, taking into account the specif-
icities of each technology. We also plan to integrate multi-omics
analysis tools in BIODICA, building on the recent efforts that have
been made for the integration of multiple omics layers
(Teschendorff et al., 2018).
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