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Motivation: Transcriptional regulation -a major field of inves-
tigation in life science- is performed by binding of specialized
proteins called transcription factors (TF) to DNA in specific,
context-dependent regulatory regions, leading to either activa-
tion or inhibition of gene expression. Relations between TF, re-
gions and genes can be described as regulatory networks, which
are basically knowledge graphs containing the relationships be-
tween the different entities. Current methods of transcriptional
regulatory networks inference rarely use information about TF
binding or regulatory regions, often require a large number of
samples and most of time do not indicate if the TF-gene relation
is an activation or an inhibition. The resulting networks may
then contain inconsistent relations and the methods are not ap-
plicable for common experimental or clinical settings, where the
number of samples is limited. Therefore, based on our previous
experience of formalizing the Regulatory Circuits data-sets with
Semantic Web Technologies, we decided to create a new tool for
transcriptional networks inference, that could solve these issues.
Results: Our tool, Regulus, provides candidate signed TF-gene
relations computed from gene expressions, regulatory region ac-
tivities and TF binding sites data, together with the genomic
location of all entities. After creating expressions and activi-
ties patterns, data are integrated into a RDF endpoint. A dedi-
cated SPARQL query retrieves all potential TF-region relations
for a given gene expression pattern. These ternary TF-region-
gene pattern relations are then filtered and signed using a logical
consistency check translated from biological knowledge. Regu-
lus compares favorably to its closest network inference method,
provides signs which are consistent with public databases and,
when applied to real biological data, identifies both known and
potential new regulators. We also provide several means to more
stringently filter the output regulators. Altogether, we propose a
new tool devoted to transcriptional network inference in settings
where samples are scarce and cell populations may be closely re-
lated.

Availability: The Regulus package is available at https://
gitlab.com/gcollet/regulus

Activity patterns | Logical consistency | Few samples | Related cell types
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1. Introduction

The biology of gene regulation  Gene expression regulation
(also called transcriptional regulation) is a major field of in-
vestigation in life science. It allows a better understanding of
major processes such as cell differentiation (how one or sev-

eral effective cell types are generated from a common pro-
genitor cell), cell identity (how gene expression is used to
define and maintain a specific cell type) and cell transforma-
tion (how altered gene expression can lead to cell death or
cancer) (1).

In gene regulatory networks, regulators are specialized pro-
teins called transcription factors (TF). TF bind DNA at a
definite sequence (called a binding motif or binding site) in
specific regulatory regions. TF binding will then initiate a
cascade of molecular events eventually leading to the regu-
lation (induction or inhibition) of the target gene expression.
Regulatory regions are located in non-coding DNA from 0
to several mega-bases from their target genes (2), and have
to be in an accessible 3D conformation to allow the regula-
tion (3). Therefore, chromatin accessibility has a major role
on the regulation as it constrains transcription factor binding
to DNA: a regulatory region in a "closed" conformation will
inhibit any potential regulation for a TF with a binding site
inside it.

As evidenced in several recent publications (4-6), gene regu-
lation is extremely context-dependent. For example, patho-
logical processes such as cancer can disturb the transcrip-
tional regulatory networks by modifying regulatory regions
accessibility or location, by modifying TF expression or by
introducing non-coding mutations - thereby modifying TF
fixation abilities (7). Information about regulatory regions
and TF expression is therefore essential to build reliable
context-dependent gene regulatory networks and predict the
effect of genome perturbations observed in pathological con-
texts, paving the way to personalized treatments.

One key limitation in clinical settings is the reduced number
of samples (usually fewer than 20) which can be analyzed to
create a patient-specific transcriptional network. Moreover,
the compared cell types are typically very closely related, as
cells evolve by steps and retain most properties of their cell
of origin, which makes the observation of their differences
difficult. Studying the dynamics of gene expression changes
between each cell types - rather than the static properties of
each step - allows for a better description of cellular tran-
sitions, which may be promoted or blocked for therapeutic
purposes. It relies only on the differences between cell types
and considers that TF-gene relations are constant in all sam-
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Data Data Normalizati Graph - N
Method name Genes Regions | TF Other 2 Tevel discretization | multi-level discretizati i Scored | Signed Type of Other
REVEAL (12 10} Algo
RelNet (13) a() X Algo
BANJO (%) a() X Algo
NIR [i5) a) X Algo
ARCANE (16) a(t) X Algo
TSNI a7 a() X X Algo Focus on 1 gene
COALESCE (%) a(t) BS* | nucleosome positioning™, evolutionary conservation® X X Ci+ implementation & web interface
DISTILLER (19) a BS X X integration: itself mining Co-cxpressed genes
Mix-CLR (20) a() X X Algo
TIGRESS @D a(t) X X Matlab
iRafNet @) a(0*, a* BS* interaction 3 X R implementation
Knok-down* protein-protein®
Regulatory Circuits | __(10) a BS X X Workflow
SINCERITIES @3) a0 X X X Algo
PoLoBag @4 a() X X X Algo

Table 1: Review of different network inference methods. a = activity, a(t) time series of the activity, * optional, BS = TF binding site, Algo = description of the algorithm without

implementation

ples: a same TF regulates the same gene with the same effect
(activation or inhibition). Thus by considering the dynamic
transitions and by applying some consistency checking be-
tween cell types, one might be able to infer TF functions (ac-
tivation or inhibition) in each relation. This is instrumental
in a therapeutic perspective, in order to design targeted drugs
which may potentiate or inhibit specific regulators. From a
methodological perspective, this requires methods allowing
to build dynamic gene regulation networks by taking into ac-
count regulatory regions and their accessibility, together with
TF expression and binding and able to output "signed" TF-
gene relations.

Use case: regulation driving B cells differentiation As
an illustration, let us consider the biological case study
of differentiation of B cells into antibody producing cells.
This process involves several transitions between closely re-
lated cell types, which are finely regulated by genetic net-
works (8). Their deregulation can lead to immunodeficien-
cies, autoimmune diseases and hematological malignancies,
among which follicular lymphoma which has high prevalence
and is considered incurable, due to a high rate of relapse, re-
sistance to treatments and a high inter-patient heterogeneity.

Few large scale studies have been performed to understand
B cell normal and pathological transition steps of differenti-
ation, and they required a large number of samples to infer
regulatory relations based on statistical analysis of TF and
gene co-expression (9), or they only describe one type of B
cells (10). Other networks are only built with a limited set
of regulators (11) or based on review of the literature. For
example, (8) describes two main sets of opposed regulators
during B cell differentiation. The first one inhibits the anti-
body producing cell identity and favors the naive B cell state,
comprising BACH2, PAXS and BCL6. The other one has the
opposite effect and regroups IRF4, PRDM1 and XBP1. Most
of these regulators act as inhibitors at the molecular level (8),
underlining the importance to precisely characterize TF-gene
relations. However, to better understand the hijacking of
the normal differentiation process by follicular lymphoma,
a more complete characterization of B cells transcriptional
regulatory networks is required. To propose new personal-
ized therapeutic solutions, patient-specific networks are also
needed. To reach this goal, we need methods to infer regu-
latory networks from gene expression and regulatory regions
data obtained in few biologically-close samples, able to use
the system dynamics to decipher the inhibition and activation
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roles of regulators.

Background: regulatory networks inference Table 1
presents a survey of transcriptional regulatory networks in-
ference methods, which were analyzed for their ability to an-
swer our goals regarding the description of normal and patho-
logical B cell differentiation. The criteria were: (i) uses in-
formation from gene expression, TF binding, regulatory re-
gions and their accessibility, (ii) can work with very limited
number of human samples (iii) can predict inhibitions as well
as activations, i.e. provides signed networks and (iv) can be
adapted to new dataset, i.e. is reproducible and reusable.

In terms of data, 11 out of the 14 methods reviewed in Ta-
ble 1 use time series of gene expressions as the only input
data and for 10 of them this is the only mandatory entry. This
suggests that the regulatory regions impact is not taken into
account in most of the methods. Few methods use informa-
tion about TFs binding sites or regulatory regions - among
them we can find Regulatory Circuits (10) - and none of them
checks whether the proposed TFs are expressed in order to
play their predicted roles. The resulting networks may then
contain candidate relations which are not consistent with the
biological situation and with limited relevance to use in a per-
sonalized medicine clinical setting.

We also observed that most methods from Table 1 produce
networks with weighted edges, based on statistical or proba-
bilistic analyses and require large datasets acquired at several
time points. This required number of samples is a strong lim-
itation to the application of these methods to human data (in
particular for clinical data) with a limited number of avail-
able samples when considering disease-related and patient-
specific regulatory networks. Indeed, many of these infer-
ence methods have only been tested on Escherichia Coli ex-
pression data and are limited to small subset of genes. Only
four of them present an application to human regulatory net-
works, raising the question of their scalability and application
to human settings.

Finally, we noticed that only the two most recent meth-
ods (23, 24) predict the activator or inhibitor role of the in-
ferred regulations to generate signed networks. These meth-
ods specify whether the regulation is an activation or an in-
hibition, based on expression correlations between TFs and
genes, but they ignore both TF expression levels and binding
site accessibility. These issues strongly limit the possibility to
use such methods to understand the biological mechanisms at
play and to design targeted treatments with limited secondary

Louarn etal. | Regulus


https://doi.org/10.1101/2021.08.02.454721
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.08.02.454721; this version posted August 3, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

effects.

Regulatory Circuits The only method which overcomes
the main limitations of the reviewed methods in terms of
use of regulatory landscape information and applicability to
clinical settings in human is the Regulatory Circuits project.
This work was a great effort to merge impressive amounts of
data from the ENCODE (25), FANTOMS (26) and RoadMap
Epignomic (27) consortia to describe human cell-type or dis-
ease specific regulatory networks (10). The project resulted
in 394 cell type-specific gene-regulatory networks, in which
TF-gene relations are associated with different weights ac-
cording to the considered cell type. However, as noticed
above, a single network in the dataset (named "CD20+ B
cells") encompassed all the B cell subtypes of our case-study.
This prevented us to understand the differences between B-
cell subtypes, underlining a granularity issue.

As a first step towards the adaptation of Regulatory Cir-
cuits to the analysis of our case study, we successfully in-
tegrated the data used to build TF-gene regulatory networks
into a unique structured graph (28), therefore facilitating
the re-use of this resource. More precisely, in this previ-
ous work, we used Semantic Web Technologies, a generic
data and knowledge integration framework (29, 30), to gen-
erate a unique RDF dataset that can be queried by dedicated
SPARQL queries. This allowed recomputing the relations
between a TF and a gene published by the Regulatory Cir-
cuits project. Although our approach allowed to improve the
Regulatory Circuits project results reusability, it also high-
lighted that its design makes it impossible to provide infor-
mation about the activating or inhibiting role of TFs involved
in regulations. In addition, TF expression was not used as a
selection criterion for relevant TF-gene relation. Finally, the
Regulatory Circuits project methodology is based on com-
puting ranks for gene expressions and regulatory regions ac-
tivities. This might be suitable for a large number of samples
(808 in the original project), but is not applicable to precisely
describe changes between few related cell types, because i) it
forces differences even between very similar values, and ii) it
does not take the amplitude of expression / activity changes
into account.

Objective To address the above-mentioned issues, we in-
troduce Regulus, an innovative gene regulatory networks in-
ference tool to find the regulators of gene sets with similar
expression dynamics and to qualify these TF-genes’ relations
as either activation or inhibition.

Regulus is based on Semantic Web Technologies, extending
the methods introduced in (28). Its main principles are to (1)
take into account regulatory factors (TF and regions) activ-
ities, (2) propose an original discretization of the activities
into patterns, (3) produce signed networks inferred by a logi-
cal consistency step and (4) be easily reusable and applicable
to many datasets.

Regulus has been developed to be stringent and to limit the
space of the candidates TF-genes relations highlighting the
candidate relations which are the most likely to occur. By
applying Regulus to published or original datasets, we show
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2.1 Main characteristics of Regulus

that it can describe regulatory networks with validated signed
relations, it is able to highlight known regulators of a specific
biological process and provides a list of candidate new reg-
ulators, that can be further refined. This confirms that Se-
mantic Web technologies, which had been instrumental in
the expansion of the Linked Open Data initiative (31), and
in particular in life science data integration, (32, 33), are also
a suitable framework for gene-regulatory network inference
in the context of personalized medicine.

2. Methods

2.1. Main characteristics of Regulus. Regulus is avail-
able as a Conda / SnakeMake package at https://
gitlab.com/gcollet/regulus. It allows, from gene
expression and regulatory regions activity tables, with their
respective genomic coordinates, to infer consistent TF-
region-gene relations with patterns indications for all entities.
As inputs, Regulus requires: (i) a list of genes with their ex-
pression in a selected number of cell types, (ii) a list of se-
lected regulatory regions with their activity as two text files,
(iii) genomic locations of the genes and regions as bed files
and (iv) TF binding sites locations (bed file). These can be
provided by the user (TF data from a specific ChIP-seq analy-
sis for example), but we provide an implementation using the
genome-wide TF binding sites coordinates from Regulatory
Circuits (10), containing curated binding sites for a total of
643 TF. All genomic coordinates are given according to the
hg19 human reference genome.

Regulus outputs a list of candidate signed TF-genes relations
that can be explored to identify new regulators.

2.2. Pre-processing in Regulus.

2.2.1. Gene Expression and Region Density Patterns. Regu-
lus principle is based on the hypothesis that sets of genes with
a common expression dynamic are regulated by common fac-
tors. It also requires to define relative levels of expression
or activity to perform its consistency check. Therefore, fea-
tures (genes or regions) with differential activities (expres-
sion or accessibility) are defined by the user and grouped into
patterns. This discretization is performed independently for
each feature. A feature expression pattern is based on a sev-
eral digits pattern, one for each cell population, each digit
having a value ranging from 1 to 4. To determine this pat-
tern we first compute the mean per populations based on nor-
malized count from the differential expression analysis and
log-transform it. We then use a discretization procedure on
these average values where the interval between the maximal
and the minimal values is divided into four equivalent inter-
vals, providing a scale from 1 to 4. Each averaged expression
value therefore gets an attribute from 1 to 4 corresponding to
the interval it belongs to. Patterns are computed by a python
script.

Figure 1 shows the pattern attribution of a gene, Figure la
shows the expression of the gene in read count per million
and the attributed pattern for each cell type. Figure 1b illus-
trate the pattern creation: the higher point of expression is put
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poplpop2pop3pop4

popl | pop2 | pop3 | pop4
Activities | 0.0074 | 0.0085 | 0.0082 | 0.0054
Pattern 3 4 4 1

(b) Graphical representation of
a gene expression

(a) Expression of a gene (read counts per million)
and expression pattern by cell type

Figure 1: Example of a gene expression and pattern: This gene expression is char-
acterised by three high expression values followed by an low one. This expression
is modelled by the 3441 pattern.

to 4, the lowest to 1 and then the space is divided in four equal
intervals, each resting point is put to their interval number, in
this case leading to the pattern 3441.

Finally, genes with low expression as defined in differential
expression analysis have been granted the profile 0000 and
have been removed from the implementation. Genes and re-
gions with constant expression in all population have been
granted the profile 5555.

The TF patterns are those of their respective coding genes.

2.2.2. Neighborhood relationship. Genomic coordinates
were used to compute distances between regions and genes
with a custom python script. The distance was calculated
between the two closest extremities of the entities, regardless
of their respective position. All distances were filtered at
a max threshold of 500 kb and set to O for overlapping
features.

2.2.3. Finding TF binding sites in our regions. Regulatory
Circuits (10) data on TF localization across the genome were
used, as they contain reliable and extensive information. The
Bedtools intersect (34) tool was first used to identify all the
TF binding sites included into a set of regions. Then, for a
given TF, only the occurrence of at least one binding site was
kept, producing a binary relation between TFs and regions.

2.3. Data graph for the integration and query in Regu-
lus. From the previous pre-processed data transformed from
tabulated to TTL format by a custom python script, Regulus
generates a structured RDF graph of data that can further be
queried with Semantic Web technologies.

The construction of the RDF dataset requires the introduc-
tion of unique identifiers and of reified entities (35, 36) to
describe some relations. (1) Identifiers For the regions, we
used a unique identifier designed after the type of region (i.e.
ATAC_; and Region_ in the text) followed by the row num-
ber at which they appear in the region localization file - this
ensured that a same number was never used twice for dif-
ferent entities. For genes and TF, we kept their usual names
(HGNC Gene Symbols) as identifiers. (2) Reified entities As
RDF does not allow relations to bear a score, relations of
distance between genes and regions and of TF binding into
regions were both inserted by using reified relations. This
method generated new entities with devoted identifiers and
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PREFIX : <http://www.semanticweb.or 1ser/ontologies/2018
PREFIX rdf: <http://www.w3.0rg/1999 x-ns#
PREFIX rdfs: tp: TWW . .0ra )00 df-schema#

SELECT DISTINCT ?Gene ?Pattern_Gene ?Region
?Pattern_Region ?TF ?Pattern_TF

WHERE {
?Gene_uri :next_to_gene ?Region_Closest_uri .
?Region_Closest_uri :next_to_region ?Region_uri .
?TF_inclusion_uri :has_binding site_in ?Region_uri .
?TF_inclusion_uri :binding_site of TF ?TF_uri .
?Gene_uri rdf:type :Gene .
?Gene_uri rdfs:label ?Gene .
?Gene_uri :PatternGene ?Pattern_GeneCategory .
?Pattern_GeneCategory rdfs:label ?Pattern_Gene .
?Region_Closest_uri rdf:type :Region_Closest .
?Region_Closest_uri rdfs:label ?Region_Closest .

?Region_Closest_uri :Distance ?Region_Closest_Distance .

?Region_uri rdf:type :Region .

?Region_uri rdfs:label ?Region .

?Region_uri :Pattern Region ?Pattern_RegionCategory .
?Pattern_RegionCategory rdfs:label ?Pattern_Region .
?TF_inclusion_uri rdf:type :TF_inclusion_ ATAC .
?TF_inclusion_uri rdfs:label ?TF_inclusion .

?TF_uri rdf:type :Transcription Factor .

?TF_uri rdfs:label ?TF .

?TF_uri :PatternTF ?Pattern_TFCategory .
?Pattern_TFCategory rdfs:label ?Pattern_TF .

FILTER ( ?Region_Closest_Distance < 500000 )

Figure 2: SPARQL query for retrieving all relations between TF-Region-Gene and
their associated patterns.

TF gene 1 2 3 4 5 TF gene
1 1
2 B
3 ¥ 3
3 = 7 .
5 + 5 [ =

(a) Extraction of the regulation sign at- (b) Extraction of the regulation sign attri-
tribution table (+), for an close region bution table (-), for an open region (pat-
(pattern=1) tern=4)

(c) Closed
expressed TF: Activation:
a potential lack of gene expression.gene expression. Inhibition: the gene
Inhibition: the gene expression couldcould be absent.

be high.

chromatin and non-(d) Opened chromatin and expressed

there isTF:Activation: there is a potential high

Figure 3: lllustration of the regulation sign attribution table.

bearing either the distance value or the inclusion. (3) Addi-
tional information References to Uniprot and Ensembl were
added for the genes to link our data with public databases.
We also kept the localization information for all features, as
a potential filtering parameter.

To find the potential regulators of a given set of genes, Reg-
ulus uses the SPARQL query described in Figure 2 on the
previously generated graph of data to extract all TF-Region-
Genes triples and their related patterns.

2.4. Consistency table to assign roles to relations in
Regulus. Regulus relies on a principle of consistency be-
tween genomic landscape, genes and TF expressions to de-
cide if a relation is susceptible to exist. This consistency also
allows predicting an inhibition or activation effect for each re-
lation. Figure 3 bottom presents a graphical representation of

Louarn etal. | Regulus


https://doi.org/10.1101/2021.08.02.454721
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.08.02.454721; this version posted August 3, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

the consistency principle behind assignment tables. When the
chromatin is not accessible and the TF not expressed (First
line of Figure 3a): if there is no gene expression then the TF
is more likely to act as an activator and if there is a high gene
expression then the TF is more likely to act as an inhibitor.
When the chromatin is accessible and the TF expressed (Fig-
ure 3b): if there is a gene expression then the TF is more
likely to act as an activator and if the gene expression is low
or null, then the TF is more likely to be an inhibitor.

These principles are illustrated in Figure 3 top: the window
of activation (respectively inhibition) glides to lower (higher)
gene expression as the TF expression decreases. The same
behavior is true when the region accessibility decreases. The
only exception to this is when the value of one or more fea-
ture is set to 5, which means it is constant across all studied
populations: then, the output of the TF-region-gene ternary
relation depends only upon the remaining variable elements.
For each digit (corresponding to a specific cellular popula-
tion) of the three patterns (gene, TF and region), the con-
sistency of the relation with an activation or an inhibition is
screened by Regulus. If it is the case, a score of 1 or 2 is given
to the digit depending on the confidence ("-" and "+" award
a score of 1; "- -" and "++" award a score of 2), and the next
digit is considered. The sum all of points must be superior
to a fixed threshold to award the relation a sign, either + or
- depending of the direction. For example this threshold is
fixed to 7 for a 4 digit pattern, allowing at most one digit to
be of lower confidence (see Figure 3).

2.5. Finding key regulators with ClassFactorY. Regulus
output tables can be merged to obtain unique TF-gene re-
lations and refined by using the coverage / specificity and
GO / MeSH annotation scripts available as the standalone
external tool ClassFactorY at https://gitlab.com/
EveBarre/ClassFactorY.

2.5.1. Coverage and specificity filters. The first filter applied
by ClassFactorY is on coverage and specificity of TF for
some gene patterns. (a) Definitions and computing Cover-
age of a TF is calculated as the proportion of genes in a spe-
cific pattern which are targets of a given TF. The coverage
itself does not provide enough information: the smaller pat-
terns, sometime composed of 1 or 2 genes, are easily fully
covered by a TF. Specificity is based on the proportion of tar-
gets genes that are from a specific pattern, for a given TF .
A TF has a great specificity for a pattern if out of all its tar-
get a significant number comes from this pattern. As for the
coverage, the specificity does not bring enough information
by itself: despite having a large number of its targets in a
pattern, a TF may have little influence on it if the pattern it-
self is very large. Both the coverage and the specificity are
calculated as percentages. (b) Combination of coverage and
specificity For a given pattern, a TF of interest is a TF which
specificity and coverage are both superior to a threshold cho-
sen by the user: mean + one standard deviation, quantiles
or specific percentages. Then ClassFactorY outputs a list of
selected TFs together with the gene patterns they potentially
regulate.
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2.6 Datasets used for validation and testing

2.5.2. GO and MeSH annotation. To validate the TFs inferred
by Regulus, the stand-alone module ClassFactorY allows for
automatic queries of the GO, Uniprot and PubMed databases.
A user-defined list of GO annotations is used to verify if can-
didates TFs are annotated by these terms. The MeSH terms
are retrieved from a user-defined list of PubMed publications
about the biological context and the module counts the num-
ber of citations associating the TFs to one or several of the
terms. An annotation-based score is then calculated and pro-
vided as a help-decision tool for end users.

2.6. Datasets used for validation and testing.

2.6.1. "Roadmap Epigenomics" RNA-seq datasets. For val-
idating gene inclusion in the networks computed by Reg-
ulus we used the same "Roadmap Epigenomics" RNA-seq
datasets and methods that were used in (10). Basically, RNA-
seq datasets from Gtex corresponding to the FANTOMS tis-
sues used for network inference were separated in three gene
sets corresponding to the 10% most expressed ones, 10% less
expressed ones and the 10% in the center of the expression
distribution. For each category, we then checked if the genes
were included in the inferred networks and gave the percent-
age of retrieved genes.

2.6.2. B-cells datasets. To investigate Regulus prediction
abilities, we used datasets of differentiating B cells (acces-
sible on demand), comprising 3 replicates of RNA-seq for
naive B cells (NBC), IgM secreting or IgG secreting memory
B cells IgM+ or I[gG+ MBC). Data were aligned on the hg19
human reference genome and gene expressions for 26,734
genes were calculated with featureCounts. Raw counts files
were then used for differential expression analysis with DE-
Seq2, allowing us to create a list of unexpressed (0000 pat-
tern), invariable (5555 pattern) and variable genes and TF
(used to compute relations). ATAC-seq data was obtained
on the same cell types (n = 1), aligned on hg19, 35,078 re-
gions were called with MACS2. An union of all regions was
made and reads were counted for each region, normalized by
sequencing depth and region size to compute read densities,
using an in-house bash script. Densities were then used to
create patterns as described above.

3. Results and Applications

3.1. The Regulus tool. We designed Regulus, a transcrip-
tional regulatory networks inference tool dedicated to the
analysis of few and biologically-close datasets. The tool re-
lies on Semantic web to integrate expression and epigenetic
data. Figure 4 presents the different steps of the Regulus
pipeline. The preprocessing steps (blue steps in the Figure
Figure 4d, detailed in Figure 4a) consist in (i) transforming
individual gene expressions and regulatory regions activity
(read densities) into patterns, (ii) finding relations between
genes and regions by computing the distances between neigh-
boring genes and regions, (iii) finding the inclusion of TF
binding sites into regions. The pre-processed data are then
integrated using Semantic Web technologies (yellow step of
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Figure 4: Representation of the different steps of the Regulus pipeline. In blue: pre-processing steps based on biology (a), expliciting the relations between the entities:
inclusion of the TFBS in region, distance between region and genes and in red the pre-treatment done: discretization and filtration. In yellow: integration, creation of a RDF
graph (b) formalizing the relation between all the entities and their attributes: the relations between TFs and genes can be found by following the edges of the knowledge
graph. In orange: query (see Figure 2) to extract all the relations following the requirement explicited by Regulus, the result in this step is an overall unsigned regulatory
network (c) expliciting relations as TF-Region-gene triples and their respective patterns. And in green: the application of the compatibility table (see Figure 3) resulting of a

signed and filtered regulatory network (e).

Figure 4d, producing a typed RDF graph whose relations be-
tween entity types are shown in Figure 4b). They can then
be queried to identify the candidate relations between TF, re-
gions and genes that match a given set of rules: the regions
must be at most at 500 kb of the gene, the TF must be ex-
pressed and have a binding site in the region (orange step of
Figure 4d). The output of this step is a gene-region-TF in-
teractions table (see Figure 4c) Query results must then be
refined (green step of Figure 4d) to identify the TF-gene re-
lations that are compatible with their expressions and assign
them signs (either positive, indicating an activation, or nega-
tive, indicating an inhibition). The final output of the process
is a signed TF-gene interaction table (see Figure 4e).

Pre-processing data for efficient integration: patterns as
descriptions of data variability The preprocessing step of
Regulus allows to aggregate information according to the
concept of patterns (see Section 2.2.1 for details). The rel-
evant features (genes and regulatory regions) for building a
regulatory network are those which vary between the com-
pared cell types or populations. Computed patterns there-
fore regroup features which exhibit similar expression varia-
tions between cell populations regardless of their respective
absolute expression levels. By construction, the patterns do
not show a chronological order between the different popu-
lations, but only describe the expression dynamics. The net-
work inference method is therefore based on the common as-
sumption that genes sharing a common pattern are regulated
by a common set of regulators (37).

6 | bioRxiv

Data integration in a structure that can be browsed and
queried The discretized patterns are integrated into an
RDF graph by Regulus. To do so a first step was to ensure
that all the necessary files were formatted for the integra-
tion. The data model structure after integration is illustrated
in Figure 4b, which can be seen as a representation of the
interactions between the data, where the entities are linked
between each other by explicit relationships. To retrieve TF-
Gene relations, all the entities presented in Figure 4b are not
necessary, some of them have been added to help refine the
results. The entities that are strictly necessary are: genes,
TF and regions with their respective patterns, as well as the
reified entities Region_closest and TF_inclusion.

From the data structure we generated the query starting from
the node "Gene" having an expression pattern, we trace
back all Region which are connected to the Gene by a Re-
gion_closest relationship. We filter these Regions by taking
into account the TF which have a relationship with the Region
through TF_Inclusion, representing the presence of a binding
site. Along the way, we gather the patterns for the TF, the re-
gion and the gene, as we will need them in the next step. This
lead to the SPARQL query presented in Section 2.3.

A logical consistency step for filtering and sign attribu-
tion To discard the TF-gene candidate relations that are
not consistent with the biological knowledge of how regu-
lation works, and to infer a regulation sign (i.e. activation or
inhibition) for the consistent candidate relations, we used a
consistency principle.

It is based on knowledge about the following biological prin-
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ciples for gene regulation: (i) the maximum effects on the
gene expressions are obtained when the TF is at its highest
expression level. (ii) The more accessible the region, the
higher is the impact of the TF on the gene: for an activa-
tion this implies that if the TF is highly expressed so must
be the gene, for an inhibition the higher the TF, the lower the
gene’s expression. (iii) If the region looses its accessibility,
the weight of the TF lowers: a higher TF expression level is
needed to get a similar effect on gene expression. (iv)For fine
grained tuning, we used two levels of confidence to weight
the consistency between the feature patterns and the relation
sign.

These principles were transcribed into rules and used to filter
and sign the consistent relations (see Section 2.4 for details
about basic principles, scoring and thresholds). After using
the consistency table for filtering we obtained a result in form
of a quadruple between the gene, the neighboring regulatory
region, the TF with a binding site in the region and the signed
potential regulation on the gene such as presented in Figure 4.
These relations can be merged into unique TF-gene relations
when consistent relations involving the same TF and gene are
found through different regions.

3.2. Application to FANTOM5 data: validation of the
basic principles. One aim of Regulus is to compute regula-
tory network on a limited number of samples and cell pop-
ulations. We therefore chose to run Regulus on four limited
datasets extracted from FANTOMS, each containing four tis-
sues (= cell population), chosen to be either similar in origin
(comparable organ) or dissimilar (widely different localiza-
tion). Detail of the chosen subset is in Table 5a.

3.2.1. Regulus generates large networks which includes low
expressed genes.

Networks topology is refined by the consistency step. Ta-
ble 5b presents the number of relations obtained by Regulus
for these four datasets. Data comprise 16,888 genes expres-
sions, 43,012 regulatory region activities and 124,358,159 TF
binding sites genomic coordinates. Just after the query and
before running the consistency table, we can see that we had
the same number of relations (3,005,934 TF-region-Gene or
1,869,854 TF-Gene), this is due to the fact that we have the
exact same information on the TF binding sites and regions
for the four sets.

As seen in Table 5b the consistency step allows to generate
networks which are different in size and quality. They rep-
resent about 10% of the possible relations predicted by the
query, underlining the filtering power of the consistency step.
Networks computed on dissimilar sets of tissues are slightly
smaller than the ones computed with similar subsets. This
lower number of relations may be explained by the increased
lack of consistency in TF-gene regulations across widely dif-
ferent tissues.

Inclusion of low-expressed genes. For validating gene in-
clusion of our networks we used the same "Roadmap Epige-
nomics" RNA-seq datasets that were used in (10). As seen
in Table 5c, for the networks computed using Regulus, we
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3.2 Application to FANTOMS data: validation of the basic principles

Sub-set Name Tissue 1 Tissue 2 Tissue 3 Tissue 4
Dataset | B cell Tine | CD4+T cells CD8+ T cells peripheral blood cell
Dataset 2 colon adult colon fetal small intestine fetal
Dataset 3 CD34+ stem cells adult brain fetal | epitheloid cancer cell line pancreas adull
Dataset 4 CD4+ T cells brain fetal colon adult epitheloid cancer cell line

small intestine adult

(a) Composition of the tissues of the 4 sub-sets from Fantom5: 2 com-
posed of biologically-similar tissues and 2 composed of dissimilar tis-
sues.

Sub-set Nb relations

TF-region-Gene
Predicted before filtering | After filtering | After filtering gt -
Dataset T 3005934 219,495 164,251 114,624 9627 73
Dataset 2 3.005.93% 237487 T7R314 154276 24238 63
Dataset 3 3.005.934 165,804 125,451 79,359 46,092 7
Dataset 4 3005954 165,597 126,145 8,609 37,536 23

Nb relations | Nb relations | Nb relations | Nb relations | Ratio relations
TF-region-Gene |  TF-Gene TF-Gene TF-Gene TF-Gene

(b) Number of relations by network after Regulus, on the 4 sub-sets of

Fantomb.
Genes regulated in | Top 10% most expressed | Mid 10% | 10% least expressed
Dataset 1 90.75 86.25 41
Dataset 2 90 88.25 325
Dataset 3 89 88 49.25
Dataset 4 88.75 85.75 55

(c) Percentage of genes from the RNA-seq related to the tissues found
in the resulting networks. The RNA-seq genes are separated in three
categories: the top 10% most expressed, the middle 10% and the
10%least expressed.

Relations Trrust Signor “Trrust [] Signor
TF-gene in | Total | True [ False [ Unknown | Total | True | False | Unknown | Total [ Different | True | False
Dataset 1_| 432 | 164 | 65 203 76 | 54 | 21 0 51 9 R )
Dataset 2 357 156 37 164 54 45 9 0 39 5 31 3
Dataset 3 293 100 54 139 56 42 14 0 39 4 28 7
Datasetd | 264 | 113 | 50 101 5 [ 44 | 14 0 37 2 % | 7

(d) Relations found in Trrust and Signor and coherence of signs. True:
number of relations with the same sign as the database, False: re-
lations with different sign than the database, Unknown: relations non
signed or signed + and - in the database. For the union of Trrust and
Signor: different: relations signed differently in the two databases, True:
relation signed the same as both databases and False: relations signed
differently than the databases.

Figure 5: Statistics on the regulatory network computed on four datasets extracted
from Fantomb5: list of tissues composing the datasets, their number of interactions,
their validations with public databases and validation with the RNA-seq.

recovered highly and medially expressed genes at high lev-
els (> 90% for each category). Low-expressed genes were
also significantly included in our networks, with a retrieval
rate ranging from 36.75% for similar cell-types to 52% for
dissimilar subsets.

3.2.2. Inferred relations signs are validated by public data.
To validate the signed relations inferred for the networks us-
ing FANTOMS data, we looked at the two major databases
containing signed regulatory relations: Trrust (38) and Sig-
nor (39). Trrust and Signor both contain signed relations that
have been described in the literature. Some of these relations
can be unsigned or contradictory signed (within the same re-
source or between both), as evidence for activation or inhibi-
tion depends on the biological context. Trrust contains 9,396
relations (4,325 of which with unknown signs) of those only
2,428 can appear in our data meaning both TF and Genes
present in our dataset. Signor contains 2,820 relations and
only 851 we can obtain.'

In Table 5d we compiled the relations in our networks that
are found in either Trrust or Signor. In average we found
0.22% of the computed relations of a set in Trrust and 0.04%
in Signor. In Trrust 45% of the relations are found unsigned,
39% signed in the same direction and 16% signed differently
as the database. In Signor 76% are signed the same way and
23% in opposite direction.

1Signor and Trrust were queried the 28 April 2020.
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Figure 6: Synthesis on the B cell regulatory network. (a) Biological interaction between the cell types and main known regulators of the B cell differentiation process. (b)
Class name, data type and number of entities integrated in the RDF/SPARQL endpoint. (c) Graph of interaction of the main known regulators and their targeted patterns after
filtering with coverage and specificity: IRF4 & PRDM1 are described as activators of the PB identity and BACH2 is given as an inhibitor of the PB differentiation. (d) Summary
on all the patterns for a selection of properties. Only 19 patterns are composed of more than 100 genes and they represent 95.55% for the overall relations. Of the total
number (266) of regulators in the regulatory networks only 121 pass the coverage and specificity threshold meaning that 45.5% of the TFs are keep, but in average, looking
by patterns only 15% of their regulator are selected. (e) Distribution of the coverage and specificity for all the TF targeting 1114 (top) and 1124 (bottom): yellow dots indicate
the TFs passing the threshold. While being one of the largest pattern 1114 does not have any key regulator with our filtering method.

The relations found in common between Trrust and Signor in
our networks are signed the same way in both resources in
most cases and in 72% signed the same way as in our net-
works. For the relations generated by Regulus and found at
least in one of Signor or Trrust, the sign we predicted is also
consistent with the databases in two third of the cases. It is
important to note that Trrust and Signor relations are not nec-
essary found in the same tissues as the ones we used, which
may explain some of the differences in signs.

3.3. Application to B-cells identifies known and poten-
tial new key regulators. After having determined that Reg-
ulus performed well on closely related cell populations with
few samples, we decided to test it on some new unpublished
data generated in our group, about B cell differentiation.

3.3.1. Biological context. After stimulation by a pathogen,
naive B cells (NBC) differentiate into either memory B cells
(MBC) or plasmablasts (PB). MBCs store some information
about pathogen encounter and are able to differentiate faster
and more efficiently if the same pathogen is present again.
PB are effector cells and produce antibodies to inactivate and
eliminate the foreign pathogens. We wanted to probe reg-
ulatory networks to explain the different abilities of NBC
and MBC to differentiate into effector cells. For this study,
we used four distinct populations: NBC, IgM* MBC (MBC
IgM) , IgG* MBC (MBC IgG) and PB. We generated gene
expression data (RNA-seq, 26,802 genes) and chromatin ac-
cessibility data (ATAC-seq, 35,090 regions) that can be used
to determine regulatory regions activities. In this specific
case the four populations are sequential: NBC is the first
population and PB is the last, but MBC can be either a tran-
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sitional state or a final one. Three main TF are highlighted
in the bibliography at different steps of the differentiation: an
inhibitor, BACH2, and two activators, IRF4 and PRDMI1 (8),
as shown in Figure 6a.

3.3.2. Patterns are indicative of expression dynamics. With
the input data we obtained 109 distinct patterns of 4 digits
representing in order: NBC, MBC IgM, MBC IgG and PB.
The patterns are comprising from 1 gene (1412 and 2414)
to 1,418 (4441), 18 patterns are composed of more than 100
genes (Figure 6e). These patterns indicate the main dynam-
ics at work in our system: the most numerous 4441 pat-
tern shows that many genes are down-regulated when either
NBC or MBC are driven towards differentiation into PB. The
0000 (unexpressed) and 5555 (not variable) patterns repre-
sent 14,921 and 3,591 genes, respectively - those two patterns
were put aside during the interpretation of Regulus results.
Included within the genes but treated as a different entity, we
also retrieve 593 TF from the 643 for which binding site in-
formation is available in Regulatory Circuits. 327 TF had
a pattern of 0000 and hence would not impact the networks,
leaving a set of 266 potential regulators in our system. There-
fore, pre-processing the data into patterns already provides
some filtering and allows the user to concentrate on patterns
relevant to the biological context.

3.3.3. Potential relations need to be consistency-filtered.
Pre-processed data were then integrated to create the data
structure and the relation graph (Figure 6b). Once inte-
grated and queried, Regulus output from our data is a set
of 5,635,099 TF-regions-genes relations, which resulted in
612,633 TF-region-gene signed relations, once filtered with
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the consistency table. This number is further reduced to
314,965 unique TF-gene relations, by merging TF-gene re-
lations that happen through different regions. Of those re-
lations 173,717 are signed as activation (+) and 141,248 as
inhibition (-).

For the 18 most numerous gene expression patterns, the num-
ber of unique TF-gene relations ranges from 618 to 66,464,
involving 51 to 186 TFs and 102 to 1,418 genes. The number
of relations by gene ranges from 6 to 47 (median at 24) and
the percentage of activation in the relations ranges form 15%
to 82% (median at 43%)

3.3.4. Key regulators can be identified by coverage and
specificity filters. After filtering the resulting TFs with the
specificity and coverage threshold (used q75, see 2.5.1), we
look at the number of TF passing the filter (Figure 6¢). For
25 patterns we highlight no specific regulator and for 16 only
one TF appears to pass both threshold, finally 35 patterns
have 10 or more regulators of interest. Out of the 237 TF
in the resulting networks, 116 do not pass the threshold for
any patterns, 23 pass in only 1 pattern and 19 are up in 10 or
more patterns. The combination of both parameters allow us
to filter out some highly ubiquitous TF, such as SP4.

Among the 121 TF passing the threshold, many have already
been described as implicated in B cell differentiation, includ-
ing the main known regulators PRDM1, IRF4 and BACH?2
(8). At the pattern level (Figure 6d), IRF4 is found as an in-
hibitor of 4331, PRDM1 is an activator of 1124 & 2124 and
an inhibitor of 4431, while the literature describe them as ac-
tivators of the PB identity. BACH?2 is activator of 4321 &
4331 and inhibitor of 1224 & 1234 & 1324 and is given as an
inhibitor of the PB differentiation. Regulus results are there-
fore in agreement with the literature, since in our patterns, PB
is represented by the last digit of our patterns.

Finally, we provide some metrics about TF-gene relations
based on the number of genes in each pattern (Figure 6e). We
observe that for the two non-constant most populated patterns
(1114 and 4441), no TF could be singularized by the cover-
age / specificity filter (Figure 6¢). Importantly the 19 patterns
counting more than 100 genes more than 95% of the relations
(more than 72% if constant genes are excluded), while less
numerous patterns (n=92) only regrouped a small fraction of
all TF-gene relations.

3.3.5. Regulators annotation as a decision helping step. The
two annotation steps (see 2.5) allow for validation of the al-
ready known TFs, relevant in the biological context (For the
B cells we chose the following GOterms: cellular develop-
mental process, immune system process, lymphocyte activa-
tion, B cell activation, plasma cell differentiation & B cell
differentiation) and provide a list of potential TFs of interest
- not described as regulators in the given context - for further
biological experiment.

Out of the 121 TFs identified in the previous step: 64 were
annotated by cellular developmental process, 27 by immune
system process, 13 by lymphocyte activation, 3 (IRF8 &
LEF1 & YY1) by B cell activation, 2 (IRF8 & YY1) by B
cell differentiation and none by plasma cell differentiation.
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3.4 Regulus compares favorably to Regulatory Circuits

We also looked at the number of citation in Pubmed for the
found TFs, ranging from 164,841 (MAX) to 2 (ZNF75A).
The number of publication for the TF and the MeSH terms:
(Plasma Cells OR B-Lymphocytes OR Lymphocyte Activation
OR Germinal Center) AND (Transcription Factors OR Gene
Expression Regulation) AND Cell Differentiation allow to
verify the specific context of the B differentiation. 93 TFs are
cited with those MeSH terms amongst which IRF4, STAT3,
MYC, PRDM1 & PAXS being the 5 TFs with the most ci-
tations (208 to 386). The second query was done with the
TFs and the MeSh terms: B-Lymphocytes OR Plasma Cells,
giving a more global context to the B cells. 104 TFs are an-
notated in this case: PRDM1, PAXS, STAT3, MYC & MAX
being the 5 with the most citations (402 to 2573). Interest-
ingly, a null score was attributed to six TFs (KLF16, FOXJ3,
TFAP4, TGIF1, ZNF219 and ZNF75A). This means that al-
though they have been selected by the coverage / specificity
filter, their potential role in B cell has not been studied and
may be worth investigated.

3.4. Regulus compares favorably to Regulatory Cir-
cuits. After validating our pipeline, we wanted to compare it
to the closest method of network inference in terms of dataset
size and nature of the genomic features, Regulatory Circuits.

3.4.1. Workflows comparison. Figure 7b presents the main
steps of the Regulus pipeline, and compares them to those
of Regulatory Circuits (Figure 7a). Both take as input: ac-
tivities of the regions and the genes (or approximation of the
transcript activity) and regions localization. As shown in Fig-
ure 7, both also share similar pre-processing steps like com-
puting the distance between regions and genes or finding the
TF binding sites occurrences in the regulatory regions. The
main differences are:

* Our method uses the activity of the TF (extracted from
its coding gene activity) which was not taken into ac-
count by Regulatory Circuits workflow.

* Regulatory Circuits uses a composite score in which
each component must be strictly positive, and is taken
as a maximum when several concordant relations ex-
ist. This approach brings a bias towards activation re-
lations and favors highly expressed genes. On the con-
trary, our method checks the consistency between the
different activities of the relation entities to produce
signed networks.

* Regulatory Circuits gives tissue-specific networks
whereas Regulus outputs networks by patterns, adding
dynamics to the network.

3.4.2. Networks and outputs comparison.

Networks topology. For the FANTOMS data used in 3.2,
Regulatory Circuits number of potential TF-genes relations
(2,060,960) was calculated based on the supplementary data
files describing entities (TF, promoter, enhancer, transcript)
relations, while ignoring the scores (see (10) for details and
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Figure 7: Comparison of the Regulatory Circuits workflow (a) and Regulus (b): the pre-processing (in blue) steps are similar: normalization of the expressions, limitation
of the distance between region and genes and inclusion of the TFBS in the regions. The main differences are: Regulus use RNA-seq of the genes activities where (a) use
the activity of their promoters & (b) use a clusterization by pattern while (a) use a rank normalization without clusterization. While the construction of the regulatory network
use different technologies (gray, yellow and orange) they follow similar principles: finding the biological relations between the entities and retrieving the patterns (b) or weight
(a) along the relations. The main differences are in the post-processing (green): (a) gives a score for each relation in a sample and filter the score > 0 and then compute
the tissues networks, while (b) compute a regulatory network and filter it with a consistency rule and sign every interaction. In (c) using Regulatory Circuits and (d) using
Regulus, we look at the percentage of genes from the RNA-seq related to the tissues found in the resulting networks, the datasets are the one presented in section 3.2 and
fig 5. Overall Regulus is better at recalling the least expressed genes (from 15% to 35%) and similar on the other points.

data availability at 2). All the TF-gene relations found by
Regulus are included in the potential Regulatory Circuits re-
lations, meaning that our method does not create irrelevant
relations.

However, Regulatory Circuits provides very large networks,
comprising from 407,056 to 1,796,098 unsigned relations for
a single tissue or cell type; whereas Regulus signs and refines
these relations to less than 180,000 for sets of four different
tissues, adding an interesting filtering power.

Inclusion of genes based on their expression level. When
using a similar validation of output genes using Gtex RNA-
seq datasets as in 3.2, Regulatory Circuits was well able to re-
trieve highly or moderately expressed genes in its networks.
However, as shown in Figure 7c, lowly expressed genes were
poorly incorporated, in agreement with their methodology
favoring inductive relations and high activities (see above).

thtp://Icguiatﬁzycircnit%,Qrg/
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Whereas Regulus manages to retrieve similar percentage of
highly and moderately expressed genes but higher percent-
age of lowly expressed ones, see Figure 7d.

4. Discussion

In this article we presented a new design for regulatory net-
work inference. Regulus addresses some of the method-
ological issues presented in Introduction: (1) the under-
exploitation of the regulatory context, (2) data reduction and
structure, (3) the lack of functionality qualifier for interac-
tions (activation of inhibition) and (4) pipeline availability
for reuse and reproducibility. To solve theses issues (1) we
added the TFs expression and regulatory regions activities
in the pipeline, (2) we chose to use patterns of expression
which cluster genes or regions of similar expression trend un-
der the same pattern and (3) to integrate them in a Semantic
Web Technologies based structure, that can be browsed and
queried. We computed a global network based on all the sam-
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ples and then checked the consistency of the relations with
the biological background, which allowed us to sign the rela-
tions and to not discriminate the inhibition. (4) We also pro-
vided an automated version of Regulus to facilitate its reuse.
Altogether, we found that Regulus compared favorably to the
only similar method incorporating knowledge about regula-
tory regions, Regulatory Circuits.

The solution we chose to implement to cluster genes of simi-
lar expression direction in our populations was to group them
by patterns. Describing the expression or activities as pat-
terns allows the user to concentrate on patterns which have
a biological meaning in the given experimental setting. Cell
types are not individualized by these patterns, but biologists
are often more interested in dynamic changes between cel-
lular states than by a complete record of regulators active in
a fixed cell population. Even if they are interested in such
characterization, it is possible to look at regulators for the
pattern where expression is at its highest only in the cell pop-
ulation of interest. A limit of this approach might be the over-
sampling of the patterns as some patterns were very poorly
populated: 33 with less that 10 genes including 18 with less
than 5 genes on the B cells data. Those patterns could be
grouped with patterns of similar direction or removed from
the analysis, since they may bias the coverage and specificity
filter. Indeed small patterns are easily covered and may in-
troduce high specificity percentages. Another solution would
have been to use co-expression analysis for example using
the WGCNA R (40) package. Unfortunately, after testing, it
gave poor results with our limited number of datasets.

Our work shows the added value of integrating large and het-
erogeneous data from biological experiments when inferring
regulatory networks. Even on closely related cell types, such
as the B cells subsets, we are able to identify subtle differ-
ences based on our use of patterns and of the consistency
step. The Semantic Web Technologies framework allows for
an easy identification of relations. Once the data structure
is obtained, it can be queried to answer any specific ques-
tion. As it is based on unique identifiers and self-structuring,
it also reduces the risks of introducing false relations, which
may happen when manipulating text files with command line
tools.

We provide the ClassFactorY tool to identify the key regula-
tors by introducing a filter of coverage and specificity, and by
adding biological context annotations. From the 237 poten-
tial TF involved in B cell networks, the coverage and speci-
ficity reduces this number to 121, which is still too much to
perform experimental validation. Annotations can thereafter
be used on these "short-listed" TF to (1) validate known reg-
ulators and (2) identify potential new regulators which have
not been described in the context of interest. There is still
room for improvement for the reduction of the candidate reg-
ulators: a perspective is to use constraint programming to de-
termine the smallest group of TF able to regulate the biggest
part of a gene pattern.

Finally, the combination of Regulus and ClassFactorY was
able to retrieve the main regulators of the B cell differen-
tiation process, such as PRDM1, IRF4, BACH2 and PAXS
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and to pinpoint them with a high annotation score. On the
other hand, six new potential TFs impacting on this process,
identified through high coverage and specificity coupled to a
null annotation score, would need to be further investigated,
showing the power and interest of our tool.
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