Dissertation
zur Erlangung der Doktorwiirde

an der

Gesamtfakultat fiir Mathematik,
Ingenieur- und Naturwissenschaften
der

Ruprecht-Karls-Universitat Heidelberg

Thema:

Understanding gene regulation through the analysis of omics data

vorgelegt von:

Pau Badia 1 Mompel

10. Februar 2025

Gutachter:
Professor Dr. Carl Herrmann
Professor Dr. Julio Saez Rodriguez






Understanding gene regulation
through the analysis of omics data

Pau Badia 1 Mompel
Oral examination: 10th February 2025






Abstract

The interactions between chromatin, transcription factors, and genes form intricate
regulatory circuits, which can be modeled as gene regulatory networks (GRNs).
Historically, GRNs have been inferred from bulk profiling omics data, as well as
from literature sources. The emergence of single-cell multi-omics technologies has
driven the creation of many novel computational methods that integrate genomic,
transcriptomic, and chromatin accessibility data, allowing in principle to infer
GRNs at better resolution. In the first chapter of this thesis, I describe the classic
and new approaches to measure and model gene regulation through GRNs and their
downstream applications. In the second chapter, I describe the development of
decoupler, a computationally scalable framework for the inference of TF activities
from omics data through the pairing of enrichment analysis with GRNs. There I
also compare several enrichment methods and conclude that simple linear models
outperform classic enrichment methods. Then, I showcase how decoupler together
with transcription factor activity inference can be used to discover new biological
insights in human diseases. In the third and last chapter, I showcase the design and
implementation of Gene Regulatory nETwork Analysis (GRETA), a comprehensive
cross-method benchmark of multimodal GRN inference, and compare their
performance relative to several baselines. There I show that although the obtained
GRNs have predictive properties and can moderately recover known biology, they do
not exhibit causal properties, contrary to what is always assumed of them.
Additionally, I show how they perform on par, or worse than literature-derived
GRNs or GRNs inferred only from transcriptomics, suggesting that inferring
de-novo regulatory programs might be an overly complex problem and that the
incorporation of biological knowledge could aid in GRN inference.



Zusammenfassung

Die Interaktionen zwischen Chromatin, Transkriptionsfaktoren und Genen bilden
komplexe regulatorische Netzwerke, die als Genregulationsnetzwerke (GRNSs)
modelliert werden kénnen. Historisch gesehen wurden GRNs aus Omics-Daten von
Bulk-Profiling sowie aus Literaturquellen abgeleitet. Das Aufkommen von
Single-Cell-Multi-Omics-Technologien hat die Entwicklung vieler neuer
computergestiitzter Methoden vorangetrieben, die genomische, transkriptomische
und Chromatinzugénglichkeitsdaten integrieren und es in der Theorie ermdéglichen,
GRNs mit besserer Auflésung zu erschliefen. Im ersten Kapitel dieser Dissertation
beschreibe ich die klassischen und neuen Ansitze zur Messung und Modellierung
der Genregulation durch GRNs sowie deren Anwendungen. Im zweiten Kapitel
beschreibe ich die Entwicklung von decoupler, einem rechnerisch skalierbaren
Framework zur Ableitung von TF-Aktivitdaten aus Omics-Daten durch die
Verkniipfung von Anreicherungsanalysen mit GRNs. Dort vergleiche ich auch
verschiedene Anreicherungsmethoden und komme zu dem Schluss, dass einfache
lineare Modelle klassische Anreicherungsmethoden tibertreffen. AnschlieBend zeige
ich, wie decoupler zusammen mit der Ableitung von
Transkriptionsfaktoraktivitiaten genutzt werden kann, um neue biologische
Erkenntnisse bei menschlichen Krankheiten zu gewinnen. Im dritten und letzten
Kapitel prasentiere ich das Design und die Implementierung von Gene Regulatory
nETwork Analysis (GRETA), einem umfassenden Methodenvergleich fir
multimodale GRN-Ableitungen, und vergleiche ihre Leistung mit verschiedenen
Baselines. Dort zeige ich, dass die gewonnenen GRNs zwar pradiktive
Eigenschaften aufweisen und bekannte biologische Zusammenhinge moderat
wiedergeben konnen, sie jedoch keine kausalen Eigenschaften zeigen, entgegen der
ublichen Annahmen. Dariiber hinaus zeige ich, dass sie gleichwertig oder schlechter
abschneiden als GRNs, die aus Literaturquellen oder nur aus Transkriptomdaten
abgeleitet wurden, was darauf hindeutet, dass die Ableitung von
de-novo-Regulationsprogrammen ein lUberméafBig komplexes Problem sein konnte
und die Einbeziehung biologischen Wissens die GRN-Ableitung unterstiitzen
konnte.
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Chapter 1: Gene regulation in systems biology

1.1. Quantification of gene regulation

Cells modulate gene transcription to orchestrate their activities in response to both
internal and external cues'. Transcription is the process of copying genetic
information from DNA to RNA, generating transcript molecules which are then
translated into proteins to perform cellular functions® Transcription is primarily
controlled by transcription factors (TFs), proteins that attach to specific DNA
sequences (DNA binding sites) and can either enhance or inhibit the transcriptional
rate of their target genes®. Genomic DNA is compacted into structures called
nucleosomes through interactions with structural proteins, forming the
fundamental unit of chromatin, which makes many genes inaccessible to the
transcriptional machinery. For transcription to proceed, the promoter region near a
gene’s transcription start site must be exposed by displacing the tightly packed
nucleosomes. This shift in DNA accessibility can be initiated by the binding of
pioneer TFs* Additional TFs can bind to distal cis-regulatory elements (CREs) on
the DNA, and together with cofactors and other proteins, interact with the promoter
region through DNA loop extrusion®. This facilitates the recruitment and
stabilization of the RNA polymerase complex, which synthesizes mRNA from the
gene's DNA body (Figure 1.1.).
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Figure 1.1. Key components of gene regulation. Transcription factors (TFs) bind to promoter regions
and cis-regulatory elements (CREs), facilitating nucleosome displacement and exposing the
transcription start site (T'SS). The collaborative action of TFs, cofactors, and other proteins aids in
the recruitment and stabilization of the RNA polymerase complex, which is responsible for
synthesizing mRNA from the gene's DNA.

Omics technologies are laboratory techniques that enable high-throughput
measurement of some of these biological molecules, providing a detailed snapshot of
the underlying biology within a biological system of interest®. The most commonly
used omics technologies for profiling gene regulation are RNA sequencing
(RNA-seq)” and Assay for Transposase-Accessible Chromatin using sequencing
(ATAC-seq)® (Figure 1.2.).

RNA-seq measures the quantity of transcript molecules in a biological sample’.
First, RNA is extracted from the sample and converted into complementary DNA
through reverse transcription. Next, the complementary DNA is fragmented and
sequenced using high-throughput sequencing technologies. The resulting sequence
reads are then aligned to a reference genome or transcriptome to quantify gene
expression levels.

The most widely used technique to identify regions of open chromatin in the genome
1s ATAC-seq. This is due to its simplicity and relatively low cost, but other assays
like DNase-seq’ and NOME-seq! are also available (discussed elsewhere'). The
process begins with the addition of a hyperactive mutant Tn5 transposase to the

12


https://paperpile.com/c/PHmN5y/Xcbt
https://paperpile.com/c/PHmN5y/07uc
https://paperpile.com/c/PHmN5y/Y6Eu
https://paperpile.com/c/PHmN5y/07uc
https://paperpile.com/c/PHmN5y/7RIC
https://paperpile.com/c/PHmN5y/Fbi7
https://paperpile.com/c/PHmN5y/wh5H

sample, which inserts sequencing adapters into accessible DNA regions and
fragments them from the rest of the genome. The DNA fragments are then
sequenced and aligned to a reference genome. Regions with significantly higher
read accumulation are annotated as open, a process known as peak calling'?. Peaks
are defined by their genomic coordinates in the following format: chromosome,
starting base pair, and ending base pair. For instance, the peak "chr1-34593-34793"
refers to a peak located on human chromosome 1, beginning at position 34,593 and
ending at position 34,793, spanning a total of 200 base pairs. In this thesis I will
interchangeably use peak or CRE to refer to defined regions of open chromatin in
the genome.

Other omics technologies relevant to gene regulation exist but are less commonly
used due to various limitations. Assays such as chromatin immunoprecipitation
followed by sequencing (ChIP-seq)'® and cleavage under targets and tagmentation
(CUT&Tag)' provide genome-wide measurements of TF binding, also in the form of
peaks, yet their low throughput and reliance on TF-specific antibodies limit their
broader application. Additionally, chromosome conformation capture techniques
such as Hi-C' measure the likelihood of physical interactions between genomic
regions, revealing how distal CREs may be brought into proximity through
three-dimensional DNA looping®. However, generating Hi-C data is costly and its
results are hard to reproduce from run to run, which limits its widespread
application'®.

Omics technologies can profile molecules at different resolutions (Figure 1.2.). The
first iteration of omics technologies pooled millions of cells from a biological sample
into a single molecular readout®. This resolution, referred to as “bulk”, contains a
mixture of various cell-types in a single profile. For studying gene regulation, this
resolution i1s problematic, as it cannot distinguish cell-type specific regulatory
programs'’. Current advances have allowed the profiling of individual nuclei,
reaching single-cell resolution and allowing cell-type specific measurements for both
transcriptomics (snRNA-seq)’® and chromatin accessibility (snATAC-seq)®.
However, these technologies disassociate the input samples into single nuclei, losing
the information of their original cell organization and co-localization within the
tissue.

State-of-the-art methods have recently been developed to simultaneously profile
individual omic layers alongside the spatial location of reads within a
two-dimensional tissue section?. Spatial technologies can be categorized into two
classes: next-generation sequencing-based methods, which encode positional
information onto transcripts before sequencing, and imaging-based methods such as
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in situ sequencing or in situ hybridization?'. Both approaches present unique
challenges. Next-generation sequencing methods measure more features but
sacrifice resolution and require deconvolution approaches to reach single-cell
resolution®. In contrast, imaging methods provide higher resolution but measure
fewer features and require segmentation techniques to define cell boundaries®.
Additionally, both single-cell and spatial technologies suffer from large fractions of
observed zeros in their readouts, an effect commonly termed as technical dropouts®:.
This sparsity complicates the analysis and interpretation of the data generated by
these technologies.

Omic technologies Resolution Profiling design
Bulk: Unpaired:
e0e o060 Genes CREs
Transcriptomics (RNA-seq): ®
3
£
aP. P g
Single-cell:
Quantifies transcripts per | ]
gene Expression Accesibility
Paired:
Chromatin 19 .? Genes CREs
accessibility (ATAC-seq):
Spatial: @
9. P £
—ap— E
©
n
Quantifies open regions of \
the genome (CREs) [ ] [ ]
Expression Accesibility

Figure 1.2. The most used omics technologies to quantify gene regulation are RNA-seq and
ATAC-seq, which measure transcript abundance and genome-wide chromatin accessibility,
respectively. Omics profiling can be done at the tissue (bulk), single-cell or spatial level. For
single-cell or spatial, both omics can be profiled simultaneously from the same cells or spots.
Depending on the profiling design, the generated datasets can be paired when the data was profiled
from exactly the same cells or spots, or unpaired when they were profiled from different

observations.

Individual omics layers provide a comprehensive view of biological processes but are
largely descriptive, limiting their ability to enhance mechanistic understanding of
gene regulation. Multi-omics techniques, which measure multiple omics
simultaneously, offer the potential to better identify causal chains of events in gene
regulation®. Multi-omics can be profiled from exactly the same cells, generating
paired data, or from different cells coming from the same biological sample,
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resulting in unpaired data (Figure 1.2.). In the case of unpaired data, integration
approaches are needed to match cells between modalities®”. Relevant for studying
gene regulation, several technologies have been released and commercialized to

126—28

jointly measure both RNA-seq and ATAC-seq at the single-cell leve , with recent

advancements also extending to spatial resolution®.

Omics technologies are often used to profile molecules from both a control group and
a group of interest, such as a disease or treatment cohort. Statistical or machine
learning methods are then employed to associate features relevant to these groups.
However, interpreting the biological significance of thousands of features that
change between conditions is challenging. This issue is further exacerbated with
multi-omics, as associations between omics layers also need to be considered. For
example, the interplay between chromatin accessibility and gene expression can
result in various combinations: a gene TSS may be open and expressed, open and
repressed, closed and expressed, or closed and repressed. In systems biology,
network-based approaches are used to summarize and interpret complex
genome-wide relationships, which will be discussed in the following section.

1.2. Gene regulatory networks (GRNs)

Gene regulatory networks (GRNs) are interpretable computational models that
represent gene expression regulation as networks®**!. GRNs can incorporate various
elements of gene regulation, such as TFs, splicing factors, long non-coding RNAs,
microRNAs, and metabolites. In my thesis, I focus on the simplest form of GRNs,
which only captures the interactions between TFs and their target genes (Figure
1.3.). For alternative GRN representations, refer to the following reviews***. GRN
interactions may be directed or undirected, indicating the presence or absence of
causal relationships between genes. They can also be signed to represent positive or
negative regulation and/or weighted to reflect their regulation strength. The
fundamental unit of GRNs consists of a given TF and its associated target genes,
which is referred to as a “regulon”. The assembly of multiple connected regulons
forms the overall structure of a GRN.

The study of GRNs has been a long-standing challenge in biology, exemplified by the
seminal work from the 1960s that characterized the bacterial lactose (lac) operon®,
or their use in developmental biology at the beginning of this century®.
Understanding their structure and dynamics is essential for learning how cellular
identity is created and maintained®’, with significant implications for cell fate
engineering®® and disease prevention®.
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Figure 1.3. Gene regulatory networks (GRNs) can be constructed from measured omics data and
further refined by incorporating additional information, such as TF binding predictions or chromatin
accessibility, to potentially get closer to the real regulation system. In these networks, the nodes
represent TFs and their regulated target genes, while the edges between nodes indicate the
regulatory interaction, whether it is activation or inhibition.

Historically, GRNs have been assembled from experimentally validated regulatory

10-42 " However, these interactions come from

interactions compiled in databases
various cell-types, conditions and even sometimes organisms, making these GRNs
generalistic. This poses a problem, as gene regulation can be very specific to the
biological context at hand, with some TFs changing their targets and their mode of
regulation depending on which other TFs are expressed in a particular cell-type or

tissue®.

GRNs can be inferred de novo from omics data using computational modeling
approaches, which assume that the effects of a "hidden" underlying GRN are
reflected in the measured data**. When enough data is available, this approach has
the potential to generate networks that are better contextualized for the biological
question at hand than generalistic networks. Different strategies for inferring
GRNs are discussed in the next section.
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1.3. Inference of GRNs

Over the years, various computational strategies have been developed to infer
GRNs from omics data®'. Early methods used individual omics at bulk resolution,
specifically transcriptomics. Some later approaches attempted to combine different
bulk readouts into a single network, but data generation remained challenging.
GRN inference requires a large number of observations, and bulk resolution
provides only a single molecular readout per sample, necessitating many tissue
samples, which can be expensive and difficult to obtain. The advent of single-cell
technologies, which generate thousands of observations for each sample, has made
it easier to infer GRNs across different cell types, differentiation trajectories, and
biological conditions. As a result, and with the introduction of single-cell
multimodal profiling technologies, there has been a surge in novel GRN inference
methods®.

All GRN inference methods are based on variations of regression, a statistical
method used to model the relationship between a dependent variable and one
(univariate) or more (multivariate) independent variables*’. The general formula of
regression is:

y=B,+Bx +Bx, + - +Bx +e€

Where:

y is the dependent variable (the outcome being predicted),
* B, is the intercept (the value of y when all x’s are zero),

° Bl, [32,---, Bn are the coefficients for the independent variables X Xy X

representing the effect of each variable on y,

® X, X, X are the independent variables (predictors),

2
e ¢ is the error term, accounting for the difference between the predicted and

actual values of y.

For GRN inference, omics features measured across observations can serve as both
dependent and independent variables. Based on which and how many different
omics readouts are available, the modeling strategy will change. Most GRN
methods use linear regression, but other alternatives exist. In the following sections
several strategies are explained.

Regardless of the type of regression being used, it is essential to ensure sufficient
variability between features. Extra caution i1s required when working with
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single-cell data, as cell-type-specific GRNs are commonly inferred (Figure 1.4.).
This i1s generally not an issue when cell-types show continuous variability, such as
in developmental trajectories. However, it becomes problematic when using typical
single-cell atlases, where most cells are already in a stable state and the observed
variability i1s mainly between cell types. If not handled carefully, important
cell-type-specific regulatory interactions could be missed during the regression
process. For this reason, it is often preferable to infer GRNs at the atlas level rather
than focusing solely on individual cell-types.

Variability No variability
[ ..{ (] .0.
() o,“‘ (o)) e &
c o .%o c e .%o
() ./, [ ] () [ ]
O o0, O
o. ,".‘. °
1 %
’ TF TF
gt ‘ B>0 B=0
=
-]

H—E) @ 6

Figure 1.4. Example of GRN inference using univariate regression from snRNA-seq data. The
observed gene expression of a target gene is explained by the expression levels of a TFs. When the
whole atlas is used, there is enough variability for cell-type specific interactions to be recovered.
When only the specific cell-type is used, these are missed due to low variability.

1.3.1. From single-omics

Methods in this category fit models that aim to explain the observed variability in
gene expression based on the expression of other genes, or the accessibility of a CRE
based on the accessibility of other CREs. Weighted gene co-expression network
analysis (WGCNA)* has been one of the simplest and most widely used approaches.
It performs pairwise correlations across the transcriptome to identify modules of
co-expressed genes, resulting in a gene co-expression network formed by undirected
interactions. While useful for unsupervised identification of gene modules, the
absence of causal regulatory links limits its interpretability and often leads to a
high number of spurious associations.
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To overcome these challenges, methods like GENIE3* and its faster version
GRNBoost2*” distinguish TFs from target genes based on known regulatory

% and then train models to predict target gene expression using only TF

activity
expression data. This strategy reduces the number of interactions considered and
transforms undirected interactions into directed connections, introducing causal

relationships.

Granger causality applied to temporally ordered RNA-seq data can also be used to
obtain directed edges*. This approach tests whether past measurements, such as
previous TF expression, can accurately predict future events, such as subsequent
target gene expression. While generating temporal datasets with bulk resolution is
challenging, single-nucleus snRNA-seq has made it easier to capture dynamic cell
states in continuous processes like development, differentiation, or disease
progression®®®'. These processes create cells with gradually shifting transcriptomic
profiles, forming cell trajectories. Trajectory inference, also called pseudotime
analysis, orders these cells along a predefined trajectory based on gene expression
similarities. LEAP?? and SINCERITIES® are examples of GRN inference methods
that use pseudotime ordering to determine the directionality between genes.
However, pseudotime ordering requires the user to define the starting point, which

1°*. One potential solution is to compute “RNA

can be arbitrary and non-trivia
velocity”, which estimates the direction of cellular development by analyzing
differences between unspliced and spliced mRNA reads®. Yet, technical limitations
persist with RNA velocity, as it has been shown to fail even in developmental
datasets where it should perform well according to the model assumptions®®?’.

Inferring GRNs from transcriptomics data alone can still lead to false positives, as
key regulatory mechanisms, such as chromatin accessibility, are ignored.
Furthermore, since many steps are required for a TF mRNA transcript to become a
functional protein, transcript levels of TFs may not provide sufficient information®.
These limitations can affect the accuracy of GRN inference, and as a result, these
methods generally achieve only moderate success in accurately producing GRNs**°!,
TF binding measurements from ChIP-seq or CUT&Tag can be used to construct
GRNs by linking TF binding sites to potential target genes®. Despite the

8364 profiling TF binding remains

availability of some high-throughput alternatives
expensive and is restricted to TFs with available antibodies. Moreover, using TF
binding data alone often involves assigning bound TFs to target genes based on
their nearest genomic proximity, overlooking possible distal interactions that play a

key role in gene regulation®.
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Another approach is to solely use chromatin accessibility data to identify gene
regulatory elements potentially targeted by TFs. These methods infer GRNs in two
steps: first, TFs are assigned to CREs, and second, these elements are linked to
neighboring target genes. In the first step, large-scale genome-wide binding data
stored in databases is used to extract the most likely genomic sequences to which
specific TFs bind, known as TF binding motifs®. Several databases have curated
these assays and compiled collections of TF binding motifs for model organisms
(Table 1.1.). Additionally, motif matcher algorithms have been developed to predict
TF binding events by analyzing TF binding motifs and genomic sequence match
(Table 1.1.). These algorithms calculate the probability of a TF binding event based
on motif sequences and filter for significant matches. Given that different methods
model TF binding in distinct ways, and that motif databases have different motif

coverages, TF binding results may vary and should be carefully evaluated during
GRN inference.

In the second step, regulatory elements are linked to genes based on their genomic
proximity, as distal CREs such as enhancers or silencers generally interact with
promoter regions within a defined genomic distance®. Methods like ATAC2GRN®,
LISA®" and SPIDER®® follow this two-step approach. However, these methods make
the assumption that an accessible promoter region indicates active transcription,
which 1s not always the case.
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Table 1.1. Popular TF binding motif databases and motif matcher algorithms used across methods.

Name Url Refs

Binding motif databases

CIS-BP http://cisbp.ccbr.utoronto.ca/ 69
cisTarget databases https://resources.aertslab.org/cistarget/databases/ 0
HOCOMOCO https://hocomocoll.autosome.org/ 71
JASPAR https://jaspar.genereg.net/ 72

Motif matcher algorithms

GimmeMotifs https:/gimmemotifs.readthedocs.io/ 7
HOMER http://homer.ucsd.edu/homer/motif/ 74
MOODs https://github.com/jhkorhonen/MOODS 75.76
PWMScan https://ccg.epfl.ch/pwmtools/pwmscan.php 77
pycisTarget https://pycistarget.readthedocs.io/ o

1.3.2. From multi-omics

Incorporating multiomics into GRN inference is crucial because, much like the
parable of the blind men and the elephant™, relying on a single data type provides
only a partial view of gene regulation, while integrating multiple layers of data
offers a more comprehensive and accurate understanding of gene regulation. In the
past, few methods combined multiple omics for network inference due to the
difficulty in generating and accessing such datasets. Nevertheless, early efforts
began to explore this approach. For instance, a pioneering study integrated
ChIP-seq and transcriptomics data to refine the assignment of TF's to target genes,
without relying solely on proximity to the nearest gene™. Another example is
SCENIC®, an extension of GRNBoost2, which introduced the concept of pruning
edges inferred from co-expression patterns based on TF binding motif enrichment at
gene promoter regions. This enabled it to incorporate cis-regulation information into
the modeling without explicitly measuring any readout of it.

Advancements in simultaneously profiling snATAC-seq and snRNA-seq, commonly
referred to as the commercial name “multiome” from the company 10X, have
enabled the generation and accumulation of datasets ideal for this type of inference.
Early studies used independently generated multi-omics data to infer GRNs in
contexts such as human myeloid cell differentiation®, mouse embryonic
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development®, and HIV infection in dendritic cells®. However, these studies did not
make their methods available as tools for others to use.

These were followed by an explosion of novel methods for GRN inference that
leverage both snRNA-seq and snATAC-seq (Table 1.2.). In my thesis I focus on a
small collection of these based on their popularity and ease of use, but many more
are available, which I reviewed elsewhere®. Some of these do not require paired
chromatin accessibility and transcriptomics profiles for each cell, as they either
summarize read-outs across groups of cells or build GRNs independently for each
modality followed by a merging step. In contrast, other approaches model both
modalities simultaneously within the same cell. When data are unpaired, these
methods can still integrate both modalities through integration techniques. To
enhance usability, methods such as figr® introduced their own integration
strategies to obtain paired data.

Multimodal GRN inference methods extend and combine the steps used by
single-modality methods to reconstruct GRNs (Figure 1.5.). Methods begin by
preprocessing the omics matrices, creating a pool of candidate TFs, CREs, and
genes. In this step, some methods try to reduce the observed sparsity of omics data.
For example, celloracle® and figr®, use k-Nearest Neighbors imputation to average
readout values between similar cells, or granie®, which performs in-silico bulks of
the molecular profiles, also known as “pseudo-bulking”. Another strategy, employed
by pando®, is to refine the measured CRE genomic coordinates by excluding exonic
regions to ensure a better downstream TF binding prediction. Others, like dictys,
employ simple quality control thresholds to ensure that sparse observations or
features are removed before inference.

22


https://paperpile.com/c/PHmN5y/XQY2
https://paperpile.com/c/PHmN5y/Lb0L
https://paperpile.com/c/PHmN5y/Junv
https://paperpile.com/c/PHmN5y/043h
https://paperpile.com/c/PHmN5y/Dacl
https://paperpile.com/c/PHmN5y/043h
https://paperpile.com/c/PHmN5y/rSBp
https://paperpile.com/c/PHmN5y/vwJN

1- Preprocessing 2- CRE to gene 3- TF binding 4- Modeling
4 ) ( ) 4 ) ( )

Genes CREs Maximum distance Motif § Gene ~ TF; + ... + TF,
databases =
(2] >
B « Motif matchers all
= —F—8—@— « TF 5]
Gene CRE - -
. . : | Gene CRE
prre55|on Acce55|b|||ty \_ Y, \_ Y, \_ Y,

O )
s0 o0 oo &

Figure 1.5. Flowchart of multimodal GRN methods. Methods start by preprocessing the omics
matrices, generating a universe of candidate TFs, CREs and genes. This is followed by the
assignment of CREs to neighboring genes based on genomic distances, generating CRE-Gene edges.
Next, TF binding predictions are performed on the selected CREs using TF motif databases and
motif matcher algorithms, generating TF-CRE-Gene triplets. Finally, methods use these triplets to
build predictive models, generating simplified TF-Gene edges.

The next step involves linking CREs to nearby genes based on genomic distances,
forming CRE-Gene connections. The goal of this filtering is to narrow the search
space for each gene, minimizing computational demands and reducing the number
of erroneous interactions. This step relies on the assumption that most genomic
interactions tend to be proximal®. Methods vary in the genomic distance cutoffs
that they consider (Table 1.2.). Some apply short-range cutoffs up to 10 kb, others
use medium distances up to 100 kb, and some consider long-range interactions
extending up to 1,000 kb. Since functionally validated interactions are common at
shorter distances and decline significantly beyond 100 kb?, the choice of cutoff can
affect GRN inference results. However, there are known examples of CRE—gene
interactions occurring over large distances, such as the enhancers of the MYC gene
located nearly 2,000 kb downstream®. By restricting distance cutoffs, GRN methods
might overlook critical long-range interactions, but extending it too much might
introduce errors. Moreover, some interactions span across chromosomes, such as
those observed in olfactory receptor selection®, which current GRN methods are
unable to account for.

Following the linking of CREs to genes, TF binding predictions are made on the
identified CREs using TF motif databases and motif matcher algorithms, resulting
in TF-CRE-Gene triplets, also known as enhancer regulons or “e-regulons”. As
mentioned in the previous section (Section 1.3.1.), methods use different, highly
heterogeneous TF binding motif databases and prediction algorithms (Table 1.2).
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Since TF binding motif databases vary in their coverage of TFs, and matching
algorithms model binding differently, GRN inference methods may yield different
results even when employing similar downstream modeling strategies. Most
methods allow users to select alternative TF binding motif databases beyond the
default option, but lock in the choice of motif matcher algorithm.

Table 1.2. Relevant tools for GRN inference from multimodal data.

Tool Type of data | Modeling ?::ﬁza(;ilk ?nogi;:izil;?se lc)liiz;l.fl.lsce Lang. | Refs.
celloracle Unpaired Linear f;%l;;eg;sﬁ gisnr]r%lg\/[o tifs 288 Iﬁg’ Python | ®
dictys Unpaired Linear Frequentist Egl(\j/[%l\f/{[OCO, 288 EE’ Python | *
figr Paired Linear Frequentist 1(\]/11 (S)(;a]i 28 lﬁE’ R 84
granie Paired Linear Frequentist EV(\)]S/I(;}EI?CO’ ggg EE’ R 86
R P i N O

Finally, the obtained TF-CRE-Gene triplets are used to build predictive models that
the TF-Gene
mathematical strategies, generating a GRN. Some methods assume linear

simplify network into classical connections using various
relationships between TFs, CREs, and genes, while others account for non-linear
interactions (Table 1.2.). Linear modeling assumes that changes in one variable,
such as gene transcripts, are directly proportional to changes in another variable,
like TF transcripts or CRE accessibility. In contrast, non-linear modeling can
capture more complex relationships, including synergistic effects between variables.
However, these models tend to lose interpretability compared to linear ones, require
more complex formulations, and often do not explicitly capture the direction of
interactions. To enhance interpretability, some methods first infer regulatory
interactions non-linearly and then determine interaction signs using correlation
analysis between TF and gene expression. Although gene regulation is widely
understood to be a non-linear process”, many methods still opt for linear modeling

for the mentioned reasons.

Regardless of the modeling strategy employed, the significance of regulatory
Interactions can be evaluated using either frequentist or Bayesian statistical
frameworks (Table 1.2.). Frequentist approaches define the probability of an event
as the frequency of its occurrence in a large number of repeated experiments, while

24


https://paperpile.com/c/PHmN5y/Dacl
https://paperpile.com/c/PHmN5y/zoO0
https://paperpile.com/c/PHmN5y/043h
https://paperpile.com/c/PHmN5y/rSBp
https://paperpile.com/c/PHmN5y/vwJN
https://paperpile.com/c/PHmN5y/lPKO

Bayesian methods interpret probability as the confidence in an event based on both
observed data and prior knowledge. Although Bayesian methods can incorporate
existing information, they generally require more computational resources than
frequentist approaches, which can pose challenges when inferring genome-wide
GRNs from large-scale single-cell data. Additionally, the effectiveness of Bayesian
inference relies heavily on the quality of the prior knowledge used. Therefore, when
no reliable prior data is available, or when 1t is considered inaccurate, frequentist
inference may offer better accuracy.

Although all GRN methods use the same steps, they do not always adhere to the
same order. For example, granie performs TF binding predictions before assigning
CREs to genes. This choice is quite detrimental because it increases the number of
tests, leading to more false positives and higher computational costs. Many CREs
with predicted TF binding will ultimately not be linked to any target genes,
rendering these predictions irrelevant. Therefore, the most efficient sequence is to
begin with preprocessing, then link CREs to genes, perform TF binding predictions
on the selected CREs, and finally model the scaffold triplets into a GRN.

1.4. Applications of GRNs

Once GRNs have been inferred, various analyses can be conducted to uncover novel
biological insights into gene regulation (Figure 1.6.).

One fundamental analysis is topological analysis. While GRNs are straightforward
and interpretable models of gene regulation, they can still contain many genes and
an extensive amount of interactions. Network centrality measures can pinpoint key
TFs or genes that are pivotal for network connectivity or information flow.
Examples of network centrality measures include degree centrality, closeness
centrality, betweenness centrality, and eigenvector centrality. These metrics have
been instrumental in identifying TFs that influence cell fate decisions across
different biological contexts, such as direct lineage reprogramming®, human
myocardial infarction®®, and mouse development®. Another analysis to characterize
the topology of GRNs involves spectral graph theory, which examines network
properties through matrix representations. For example, non-negative matrix
factorization of GRN adjacency matrices has revealed groups of TFs that
collaboratively drive lineage transitions in mouse embryonic stem cells®®. Similarly,
clustering on the adjacency matrices of GRNs has identified key regulators in
human hematopoietic cell differentiation®® and in macrophage responses to
interferon-y*. The gene regulatory modules derived from these analyses can be
further enriched with gene sets to elucidate their potential biological functions®.
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Figure 1.6. Available applications of GRNs. In topological analysis, network centrality measures can
identify key TFs or genes that are highly connected. Clustering nodes based on their connectivity can
reveal sub-network modules, which may be associated with specific biological functions. In
comparative analysis, connectivities from different GRNs are contrasted via pairwise subtraction of
TF-gene interactions, which can shed light on the rewiring of gene regulation across groups. In
regulation simulation, propagation of changes in gene expression through the GRN over several
iterations can be used to forecast cell fate decisions and the TFs driving it. In TF activity inference,
enrichment methods identify active TFs from transcriptomics data at any resolution: bulk, single-cell

or spatial.

Another approach for analyzing GRNs is comparative analysis, which can reveal
rewiring events driving differences between cell types, states, disease conditions,
treatment responses, and across species. The simplest method involves pairwise
subtraction of TF-Gene interactions between GRNs, which has successfully
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1dentified key regulators in various contexts, such as subpopulations of B cells in
lymphocytic leukemia®, TFs involved in fibroblast transdifferentiation to different
human cell types®, candidate Alzheimer’s disease-specific trans-regulators®, and

190 This method has also been used to

cell state-specific regulators in human T cells
assess evolutionary conservation of TF-Gene interactions and transcriptional
adaptation across species'®’. However, due to the sparse and noisy nature of GRNs,
direct comparison of TF—gene interactions may lack robustness. Topic modeling
techniques, such as latent Dirichlet allocation'®®, which was originally developed for
natural language processing, can generate dense, low-dimensional representations
that reduce noise and potentially provide a more robust comparison of regulatory
relationships. This approach has been effective in predicting cancer patient

survival'®® and identifying rewiring events in human hematopoiesis'®.

One of the most interesting applications of GRNs is to simulate gene expression
dynamics over time by iteratively propagating TF expression to target genes. This
approach allows for in-silico perturbations, where the expression of a candidate TF
1s modified, and the resulting changes in the transcriptome are predicted after a
specified number of iterations. The simulated gene expression values can then be
compared with those from local neighboring cells to estimate cell identity transition
probabilities, similar to RNA velocity analysis®. This strategy was first introduced
by celloracle, which identified Zfp57 as crucial for generating and maintaining
mouse-induced endoderm progenitors, an observation later confirmed through in
vitro perturbation experiments®. This example highlights GRNs' ability to
potentially model and capture complex regulatory events.

Finally, a straightforward yet valuable application of GRNs is inferring TF

activities. By combining GRNs with enrichment methods, TF activities can be

195 This approach integrates observed gene

derived from transcriptomics data
expression with GRN topology to identify TFs that may play significant roles in
specific contexts. Common enrichment methods include GSEA!® AUCell*, and
VIPER"" among others'®. In bulk studies, these methods have been used to
identify druggable oncoproteins'”, stratify cell lines in response to drug

198 and pinpoint a master regulator involved in metastasis promotion in

109

treatments

In single-cell studies, enrichment methods have revealed
110

breast carcinoma
mechanisms of immunotherapy resistance in human T cells'”, regulators and
inducers of oligodendroglioma®, and potential druggable targets in pathological
fibroblasts from COVID-19 patients''. Recently, these methods have also been
applied to spatially resolved transcriptomics data, such as identifying regulators

involved in the functional transition of cardiomyocytes across the border zone in
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human myocardial infarction®. In the following chapter, I will elaborate on these
methods and present some biological applications I have worked on.
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Chapter 2: Inference of regulation activity and use
cases

As mentioned in the last chapter, gene regulatory networks (GRNs) can be used to
infer transcription factor (TF) activity from transcriptomics data through
enrichment analysis. In this chapter, I will provide a more detailed explanation of
what enrichment analysis entails and how it functions. Additionally, I will introduce
the computational tool I have developed over the past few years, decoupler, a
flexible and comprehensive framework for enrichment analysis'®. Lastly, I will
showcase real-world applications of TF activity inference using decoupler on human
disease data.

2.1. Enrichment analysis

Omics technologies produce unbiased, high-dimensional molecular profiles. Their
vast dimensionality, coupled with the intricate interconnectedness of the molecules
they measure, makes their mechanistic interpretation challenging. For example, in
transcriptomics identifying hundreds of relevant genes in a given biological context
i1s common, but interpreting their functions individually is unfeasible. A key
strategy to address this complexity is enrichment analysis, a statistical approach
that reduces the dimensionality of omics data and generates more interpretable

features!''®3,

Enrichment analysis involves testing whether a specific set of omics features is
“overrepresented” or “coordinated” in the measured data compared to a background
distribution (Figure 2.1.). Sets are predefined based on existing biological
knowledge and may vary according to the specific omics technology used. For
example, in RNA-seq, sets may consist of genes linked to particular pathways or TF
regulons from a GRN. In ATAC-seq, sets can include CREs associated with GWAS
traits or TF motifs. In phosphoproteomics, sets may encompass phosphosites that
are known targets of specific kinases, among other examples.

These sets can be structurally represented as a bipartite graph. In this graph, the
omics features act as child nodes, referred to as “targets”, while the set to which
they belong is the parent node, known as “sources”. The edge weights indicate the
strength of the association between the targets and the sources. Sets can consist of
elements of a biological process, like the receptor and signaling kinases of a
pathway, or the aftermath of it, such as which genes change after a perturbation. In

29


https://paperpile.com/c/PHmN5y/4aoq
https://paperpile.com/c/PHmN5y/sjM8+WUVE

the latter case, these are referred to as “footprints” or signatures and are typically
weighted!'.

Summary statistics f, commonly known as enrichment scores, are computed for a
feature set S and a background B, which are then tested against the following
hypotheses:

o H_:f(S)=f(B)
o H_:f(S)#f(B)

If the obtained f(S) statistic shows a substantial difference from that of f(B), the
null hypothesis is rejected and the enrichment is considered significant.

T High
Enrichment score

scores

g H i t Inconclusive
Low
score

Feature
values

Collection of sets: Enrichment analysis

Set,: Fq, Fy, F3
@ Set,: Fa, Fy, Fs Feature
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i
=

Hy: Features are random
H,: Feature are coordinated

Figure 2.1. Enrichment analysis tests whether a collection of features is more coordinated than a
background distribution. In this example of a competitive enrichment test across three different sets,
the obtained enrichment scores are high when the set’s features are consistently at the top of the
distribution, and low when they are consistently at the bottom.

Depending on which background distribution is used, there are two categories of
enrichment tests: self-contained and competitive''?. In self-contained set testing, the
sampling unit is the observation, meaning that multiple observations per group are
necessary. It specifically evaluates whether the features within the set are
differentially abundant between two groups, independent of the other measured
features in the dataset. Alternatively, in competitive set testing, the focus is on
whether the features in the predefined set are ranked higher relative to features not
included in the set. Typically, this comparison is made with sets of similar sizes. The
sampling unit in this case is the individual features, allowing the test to be
conducted using a single observation. From now on, when I mention enrichment
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analysis, I refer to competitive enrichment analysis, as the methods discussed in my
thesis are all competitive and represent the most commonly used type of test.

Enrichment analysis can be conducted at the observation level, such as for a bulk
profile, a single cell, or a spatial spot. It can also be performed after differential

N4 yutilizing a vector of contrast statistics. There is often a

feature testing
misconception that enrichment analysis is an activity score when done at the
observation level, while it is considered classic enrichment when performed with
contrast data, suggesting they are distinct concepts. However, both approaches
represent the same process: a competitive enrichment analysis test against a
background distribution. This confusion is further compounded by some methods
using different terminology for functions depending on whether they use

observational or contrast input data.

Enrichment statistics can be classified into two groups depending on the types of
variables they use: categorical and numerical-based statistics.

2.1.1. Categorical-based statistics

Statistics in this category first perform feature selection based on the provided
molecular readouts or feature contrast statistics, extracting a molecular-derived set
X that i1s compared against a predefined biological set Y. Therefore, the two
categories are, belongs to a molecular set (€EX or €Y) or not (X, or €Y). In
observational data, the top N features are chosen, whereas significance thresholds
are applied in differential feature analysis results.

The most commonly used categorical-based method is overrepresentation, also
called the one-tailed Fisher exact test''®. It assesses the association between two
binary variables in a contingency table, which shows how the variables are related
by listing the counts of observations for each combination of categories (Table 2.1.).
The rows represent the categories of one variable, while the columns represent the
categories of the other variable. In the case of omics analysis, the binary categories
are whether a feature belongs to one of the sets or not:

Table 2.1. Contingency table.
EY gY

eX XnyY X —Y

X Y — X X'nyYy'

The hypotheses of this non-parametric test are as follows:
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e H o There is no association between the two variables.

° Ha: There i1s an association between the two variables in one direction.

A p-value can then be computed from the contingency table, which quantifies the
significance of the overlap between the two sets. Normally, the resulting p-value is
transformed using the — log 1o(P) to sort them in a descending direction.

Another popular categorical method is AUCell, introduced in the SCENIC
publication®. It builds a recovery curve where the x-axis represents the filtered
ranked molecular features X, and the y-axis tracks the number of features present
in the biological Y set. Its f statistic is the “Area Under the Curve” (AUC) of this
curve. If the features from set Y are highly ranked, the AUC will increase rapidly,
reflecting strong enrichment. Conversely, if Y features are distributed more
randomly or sparsely, the AUC grows more slowly. Unlike overrepresentation,
AUCell only computes the AUC statistic without returning a p-value, as it does not
perform any testing.

2.1.2. Numerical-based statistics

This group of statistics does not require feature selection, as seen in
categorical-based methods. Instead, they use all available features and their
numerical values. Many of these statistics treat the variables as ordinal and rank
them accordingly.

The most famous numerical-based statistic 1s the weighted running sum, firstly
introduced by GSEA'". It begins by ranking the observed molecular features or
differential feature statistics in descending order, producing a vector r. The running
sum for a feature set F is then calculated by moving down the ranked list,
increasing the running sum when a feature from F is found, and decreasing it when
a feature not in F is encountered. Mathematically, this is expressed as:

/

|7

5(F) Z) _ < m if feature 1 E F

NIH

if feature i ¢ F

where:
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T 1s the value for feature i,

iy is the value for feature j in F,

k 1s the number of features in F,
N 1s the total number of features in r,
e and! = N — kis the number of features not in F but present in r.

For each feature 6(F, i) is applied and stored as a sequence L:
L= 8&8CF,i)fori=1,2,..,N

The enrichment score S is the signed maximum absolute deviation stored from the
running sum:

S=1L

arg max |L|

To evaluate the significance of the observed S, a permutation-based approach is
used. Specifically, an empirical null distribution of enrichment scores is generated
by repeatedly permuting the feature labels and recalculating the enrichment scores
for each permutation.

rand —

value P

where:

Smn , are the enrichment scores of the random permutations,

e and P is the total number of permutations.

This process yields a p-value that reflects the statistical significance of the observed
enrichment score.

Finally, a normalized enrichment statistic NS is calculated by:

NS M% ifS>0
B Mi_ if <0

where:

e | isthe mean of positive valuesin§ |
+ rand
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e and p is the mean of negative values in S
Another widely used numerical-based method 1is Virtual Inference of
Protein-activity by Enriched Regulon analysis (VIPER)'*", which uses the Analytic
Rank-based Enrichment Analysis (aREA) statistic. aREA calculates the enrichment
score in a three-tailed approach. First, through a one-tail approach that ranks
features based on their absolute values:

w

W= Tnax(wl)

orig 1{W¢0}

[
l — - orig
i§1 max(ilm.g) max(lorl’g)
norm -1
q =& (2|q —0.5| + (1 + max(]g — 0.5])))
k
norm
5, = 34" L~ w))
i=1
where:

e w € [— 1,4+ 1] is a vector of interaction weights,
e [ € [0,1] 1s a vector of interaction likelihoods,

q € [0,1] is a vector of quantiles from the values of the omics input,

dD_l is the inverse of the cumulative distribution function of the standard

normal distribution,

o ¢ € [~ o,+ ] are the z-scores of the deviation of quantiles from 0.5,

k is the number of features in q,
e andS . 1s the score of the one-tail approach.

This metric encodes for the magnitude of the score, irrespective of the interaction
signs.
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Then, a two-tail approach 1s employed, where the feature quantiles are
z-transformed and weighted by their interaction weight and likelihood:

k
5,= Zwl(® (@)

Unlike S o S , is taking the direction (sign) of interactions into consideration.

Afterwards, the three-tailed score 1s obtained:

(’SQ‘ + Sl) % Sg’rL(SQ) it S1 >0

Sy = |
S if S71 <0
The statistical significance of the obtained enrichment statistic is assessed by
comparing it to a null model generated through an analytical approach that shuffles
the features:

norm

= oS,

P

value

When computing multiple sources simultaneously, a pleiotropic correction is also
employed. In brief, all possible pairs of sources AB are generated under two
conditions: (1) both A and B are significantly enriched (p < 0.05), and (i1) they share
at least ten features. Subsequently, an enrichment score p-value is computed with
aREA by both A (pA) and B (pB) based only on the shared features within the
feature vector. Then the pleiotropy score (PS) is computed as:
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1 - if pA < pB
(1+]logio(pB)—logio(pA)|) na
PS5 = <

1 5 if pA > pB
(1+|logio(pA)—logio(pB)|) ™o

where:

® n 1s the number of test pairs involving the source A4,
e and n, 1s the number of test pairs involving the source B.

This 1s then used to update lon,g:

"

I8 = PS x 1ecqy  if pA < pB

1

[778 = PS % 1epy  if pA < pB

1

\

Finally, a new Szorm and p-value are calculated with aREA using the updated lm,g.

2.2. Decoupler, a flexible framework for enrichment analysis

In the past decade, numerous methods have been developed to infer enrichment
scores from omics data, each incorporating unique assumptions and biases. Yet, the
differences in scoring and predicting performance remain understudied.
Additionally, running multiple methods is cumbersome due to their implementation
in different software packages with numerous dependencies and varying formats for
handling omics data and feature sets. Therefore, a unified framework would be
beneficial to compare methods and make their access easier to the community.
Previous efforts to compare or provide such frameworks were limited to older

36


https://www.codecogs.com/eqnedit.php?latex=PS%20%3D%20%5Cbegin%7Bcases%7D%5C%5C%5C%5C%20%5Cfrac%7B1%7D%7B%7B(1%20%2B%20%7Clog_%7B10%7D(pB)-log_%7B10%7D(pA)%7C)%7D%5E%5Cfrac%7B20%7D%7Bn_a%7D%7D%20%26%20%5Ctext%7Bif%20%7D%20pA%20%3C%20pB%20%5C%5C%5C%5C%5C%5C%20%5Cfrac%7B1%7D%7B%7B(1%20%2B%20%7Clog_%7B10%7D(pA)-log_%7B10%7D(pB)%7C)%7D%5E%5Cfrac%7B20%7D%7Bn_b%7D%7D%20%26%20%5Ctext%7Bif%20%7D%20pA%20%3E%20pB%20%5C%5C%5C%5C%5C%5C%20%5Cend%7Bcases%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Cbegin%7Bcases%7D%5C%5C%5C%5C%20l_%7B%5Ctext%7Bi%7D%7D%5E%7B%5Ctext%7Borig%7D%7D%20%3D%20PS%20*%201_%7B%5C%7Bi%5Cin%20A%5C%7D%7D%20%26%20%5Ctext%7Bif%20%7D%20pA%20%3C%20pB%20%5C%5C%5C%5C%5C%5C%20l_%7B%5Ctext%7Bi%7D%7D%5E%7B%5Ctext%7Borig%7D%7D%20%3D%20PS%20*%201_%7B%5C%7Bi%5Cin%20B%5C%7D%7D%20%26%20%5Ctext%7Bif%20%7D%20pA%20%3C%20pB%20%5C%5C%5C%5C%5C%5C%20%5Cend%7Bcases%7D#0

methods, often required many dependencies, and were computationally

inefficient" ', To address these issues, I have developed decoupler'®, a flexible
and efficient framework for enrichment analysis (code:
https://github.com/saezlab/decoupler-py) (Figure 2.2.).
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Figure 2.2. Inference of enrichment scores using the decoupleR workflow (left). Mean runtime and
memory usage for R and Python were tested with a network of 250 sources and a matrix of 20,000
targets, using different numbers of observations on an Intel 17-8550U CPU @ 1.80 GHz (right).

Decoupler offers separate implementations in both R and Python. However, the R
version 1s relatively slow and depends on several external packages, as it relies on
the original method implementations. In contrast, I developed the Python version
from the ground up, porting many of these methods for the first time into this
programming language. To implement them I leveraged Numba'®, a Python
accelerator that compiles functions to optimized machine code at runtime via the
industry-standard LLVM compiler. This approach ensures efficient performance,
enabling the methods to handle large-scale omics datasets, such as those at
single-cell and spatial resolution. Indeed, methods in decoupler run relatively fast
in R, but about three times faster in the Python version, with median runtimes of
1.44 ms in R and 0.44 ms in Python per observation and source (Figure 2.2.). A
similar trend can be observed for the memory usage, with median memory of 1.53
GB in R and 0.62 GB in Python.

Decoupler includes ten different enrichment methods (Table 2.2.). Some can
account for weights in the feature set, allowing them to consider the direction of
change (positive or negative). This should not be confused with the numerical range
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of the produced scores. For example GSEA can produce positive or negative scores
but does not consider weights. This distinction is important when modeling sets
that contain negative weights, such as a repressor TF that negatively regulates the
expression of specific genes. If the genes linked to the repressor are underexpressed,
it indicates that the repressor was active, resulting in a high positive score. In
contrast, methods that do not account for weights would inaccurately predict a low
positive score. Additionally, some methods test the enrichment scores they generate
and provide a p-value.

Table 2.2. Enrichment methods available in decoupler.

Name Mo.dels Tests Score Ref.
weight p-value range
Area Under the Cell (AUCell) € [0, 1] 80
Univariate Decision Tree (UDT) v € [0, o] 105
Multivariate Decision Trees (MDT) v € [0, o] 105
Gene Set Enrichment Analysis (GSEA) v € [-00, 0] 106
Gene Set Variation Analysis (GSVA) €[-1, 1] 121
Weighted sum or mean (WSUM,WMEAN) v v € [-00, 0] 105
OverRepresentation Analysis (ORA) v € [0, o] 116
Univariate Linear Model (ULM) v € [-00, 0] 105
Multivariate Linear Model (MLM) v € [-00, o] 103
. s 107
Bnriehed Regulon analysis (VIPER) v v | eb=el
Consensus v € [-o0, 0] 105

Apart from classical enrichment methods, I also introduced a collection of methods
that infer enrichment scores by predicting the observed omic vector using the set’s
feature weights. This formulation is very similar to the ones used to infer GRNSs.
The simplest of these is the Univariate Linear Model (ULM) (Figure 2.3). This
approach uses the molecular features from one observation as the population of
samples and it fits a linear model with a single covariate:

y~B,+Bx +e
where:
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e vy are the observed features, either molecular readouts or differential feature
statistics,
o 0 1s the model’s intercept,

e x is the vector of feature weights for a given set (if features do not belong to
it, they are set to 0).
* B, 1s the coefficient of x,

e and € is the error term.

Univariate Linear Model (ULM)
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Figure 2.3. Univariate Linear Model (ULM) scheme. In this example, the observed gene expression
of Sample, is predicted using the interaction weights of TF,. Once the coefficient is fitted, its t-value
1s the enrichment score. Since the target genes that have negative weights are lowly expressed, and
its positive target genes are highly expressed, the relationship between the two variables is positive
so the obtained score is positive. Scores can be interpreted as active when positive, and repressive
when negative.

In this case, the background distribution are the features not included in the set.
Once the model is fitted, the t-value of 8 ) 1s extracted since it encodes for both the

direction of the slope with its sign (either positive or negative), and its significance
with its magnitude. One can interpret the obtained score as the agreement between
the observed features and the available prior knowledge of them. For example, if a
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TF has high expression levels in its positive target genes, the score will be highly
positive. The same applies if a TF’s negative target genes are expressed at low
levels. Conversely, if genes with positive weights are lowly expressed or if genes
with negative weights are highly expressed, the resulting score will be negative.

A variation of this method is the Multivariate Linear Model (MLM), which fits all
sets simultaneously rather than one at a time. This can lead to potentially better
scores since it accounts for all sets together, rather than treating them
independently. However, it may fail when there is collinearity between sets. Similar
formulations include the Univariate Decision Tree (UDT) and its counterpart, the
Multivariate Decision Tree (MDT), which use a non-linear approach with decision
trees for modeling instead of linear regression.

Additionally, I implemented a consensus score that summarizes the results from all
methods. For each method, scores are transformed into z-scores, separately for
positive and negative values. First, values greater or less than zero are selected,
mirrored to the opposite sign, and then a standard z-score is calculated. This
transformation ensures comparability across methods while preserving the original
sign (active or inactive). The final consensus score is the average of the z-scores
across methods.

2.2.1. Comparison of enrichment methods

To compute scores and compare their similarities at the score and predictive
performance level across methods, I used two collections of perturbation datasets.
The first dataset consists of single-gene perturbation experiments®, where a TF was
perturbed, and the resulting molecular changes were measured, followed by the
generation of contrast statistics'’®. The second dataset followed the same approach
but used phosphoproteomics data, where kinases were perturbed instead'*?. For
feature sets, I used the literature-derived GRN dorothea'?, and a kinase substrate
network'??. Then, for each contrast I computed enrichment scores across methods
for each feature set available.

Methods displayed general similarities, with a median Spearman correlation of 0.52
for transcriptomics and 0.65 for phosphoproteomics (Figure 2.4.). There was also
moderate agreement among methods in the top 5% of ranked regulators, with
median Jaccard indexes of 0.23 and 0.21, respectively. Of note, UDT and GSVA were
the two methods less similar to the rest, as seen by the hierarchical clusterings.
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Figure 2.4. Spearman correlations between methods were calculated for the transcriptomics (a) and
phosphoproteomics (c¢) datasets. The median Jaccard index between methods was assessed for the
top 5% of TFs (b) or kinases (d), ranked by the absolute value of their enrichment scores.

To assess the robustness of inferred scores to noisy or missing information I
randomly added or deleted a percentage of edges at each source in the gene set
network (25%, 50% and 75%). For every mode (addition or deletion) and percentage,
I generated five networks with different seeds, which were then used to infer scores
from the perturbation data. Robustness was measured as the Spearman correlation
between the obtained scores and those from the two original unmodified networks.
Independently of the method, deleting edges had a greater impact than adding
them, with median Spearman correlations of 0.84 for addition and 0.77 for deletion
(Figure 2.5.)(p-value < 2.2e-16; one-sided Wilcoxon rank-sum test). Most methods
showed similar correlations, except UDT and MLM, which consistently had a lower
median correlation correlation than the rest of methods in both datasets.
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Figure 2.5. Correlations between the original enrichment scores and those obtained after adding or
deleting a percentage of edges from the prior knowledge resource for the transcriptomic (a, b), and
phosphoproteomic (c, d) datasets.

After comparing the methods at the score level, I developed a benchmarking
pipeline to assess differences in their predictive performance. For a given collection
of contrasts, it calculated enrichment scores for all methods using the provided
source sets. The scores for each contrast were then adjusted by the sign of their
perturbation, with a negative sign for knockouts and a positive sign for
overexpressions. Next, the scores from each experiment were combined into a single
vector. The evaluation task was to distinguish between perturbed sources (true
positives) and unperturbed ones (true negatives). To address class imbalance across
networks, a downsampling strategy was applied in the benchmark. In each
permutation, an equal number of positive and negative classes were randomly
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chosen to compute the area under the Receiver Operating Characteristic (AUROC)
and Precision-Recall Curve (AUPRC). This procedure was repeated 1,000 times per
network to generate performance metric distributions.

Although methods showed enrichment score similarities (Figure 2.4.), their
predictive performance varied across both sets of perturbation experiments (Figure
2.6.). Surprisingly, commonly used methods like GSEA and GSVA performed poorly,
as they do not account for feature set weights and therefore the direction of
enrichment can be wrong. In contrast, ULM, MLM, ORA and MDT along with the
consensus approach, achieved significantly higher median AUCs compared to other
methods in both datasets (p-value < 2.2e-16; one-sided Wilcoxon rank-sum test).
However, the interpretability of MDT and ORA is limited, as both return only
positive enrichment scores, and ORA does not account for feature weights. Given
that MLM may be impacted by collinearity and the consensus score depends on the
methods used in its construction, I recommend using the ULM method for its
robustness, predictive performance, simple formulation, and scalability.
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Figure 2.6. Distributions of AUROCs (a), AUPRCs (b), and their medians (¢) for each method in the
transcriptomics dataset. Similarly, distributions of AUROCs (d), AUPRCs (e), and their medians (f)
for each method in the phosphoproteomics dataset.

2.2.2. Tool capabilities

In this section, I outline the main features that decoupler offers as a tool. While
developing it, I adhered to best open-source programming practices such as
continuous testing, comprehensive documentation, and distribution through
standard tools. As a result, decoupler is part of the scverse ecosystem, a
multi-institutional open-source project aimed at addressing storage and analysis
needs for single-cell profiling omics data'?*. T have written extensive documentation

44


https://paperpile.com/c/PHmN5y/32vw

(https://decoupler-py.readthedocs.10/), with a detailed API to describe its functions,

several vignettes showcasing how to use it and detailed release notes to inform
about the changes across the different versions. Since November 2021, I have been
developing and updating decoupler, resulting in over thirteen versions, more than
612 commits from eleven contributors, and a total of over 100,000 downloads from
PyPI alone. Below, I describe some key functionalities of decoupler, based on the
aforementioned vignettes I have written. For the full collection of vignettes, their
description and interpretation I refer the reader to decoupler’s documentation.

2.2.2.1. Basic usage

Decoupler requires Python version 3.6 or higher to run. There are two installation
methods available. The first method involves installing it directly from PyPI, which
provides a lightweight version with only the essential dependencies:

pip install decoupler

However, some functionalities require additional dependencies. To simplify the
installation process, I also offer decoupler through the conda package manager,
which can be installed using its faster implementation, mamba:

mamba create -n=decoupler conda-forge::decoupler-py
To use decoupler it needs to be imported:
import decoupler as dc

When decoupler is imported for the first time in a freshly installed environment, it
may take a few seconds to load. This delay is due to Numba compiling decoupler’s
code. After the initial import, the compiled code is cached, making subsequent
imports in the same environment to have normal loading times.

To showcase how to use the tool, I created a function to load a toy dataset consisting
of a matrix of gene expression across several samples and a GRN:

mat, net = dc.get_toy data()

These samples consist of two small populations, each one formed by 12 samples,
with two gene expression patterns (Figure 2.7a), where the first four genes are
highly expressed in the first population and the next four in the second population.
Based on the example GRN (Figure 2.7b), TF1 is expected to be active in the first
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population, as its positive target genes are highly expressed, and inactive in the
second population due to their lack of expression. TF2 should be active in the first
population because its negative targets are expressed at low levels, but inactive in
the second population where they are overexpressed. Similarly, TF3 is expected to
be active in the second population, TF4 slightly active in the first, and TF5 inactive
in both populations.
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Figure 2.7. a. Matrix of gene expression of two populations of samples that express genes
differently. b. GRN with five TFs and eleven target genes. Color indicates mode of regulation: green
is positive and red is negative. ¢. Matrix of enrichment scores by GSEA. d. Matrix of enrichment
scores by ULM.

As mentioned before, decoupler contains multiple enrichment methods, which can
be queried by running the following function:

dc.show_methods()

Since decoupler is a unified framework, all of its available methods follow the same
format in their arguments:
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e mat: input matrix of molecular features. It can be either a pandas dataframe,
an AnnData object, or a list containing a matrix with its column and row
names.

e net: collection of weighted feature sets relating molecular features to sources.
Non weighted sets are assumed to have a weight of one.

e source, target and weight: column names denoting the source, target and
weight columns in the net dataframe.

e min_n: Minimum of target features per source (five by default). This filtering
prevents noisy scores from feature sets with few target features present in
mat.

e verbose: Whether to show progress of the calculation and display extra
information.

This allows users to run any of the methods with one simple line of code. However,
some methods may have specific arguments, and might provide more than one
score.

As an example, here is how to run the most popular enrichment method, GSEA:
acts, norm_acts, pvals = dc.run_gsea(mat, net, min_n=0, times=100)

In this case, GSEA returns its running sum statistic, its normalized enrichment
score and its p-values. While it correctly identifies TF1 as active in the first
population, it incorrectly predicts that TF2 is also active (Figure 2.7c). This error
arises from the method's inability to account for prior weights in its score
calculation. On the other hand, when ULM is used it correctly predicts the direction
of activity for all TFs (Figure 2.7d).

Finally, several methods can be run sequentially by using the decouple function,
which returns a dictionary containing all the calculated scores and p-values:

results = dc.decouple(mat, net, min_n=0, methods="all")

The methods parameter allows users to specify which methods to run. Once
executed, it also provides the consensus score across the selected methods.

2.2.2.2. Bulk analysis

Decoupler can perform classic enrichment analysis, such as for bulk transcriptomics
data. In this context, transcriptomics is analyzed for samples from two conditions,
followed by differential gene expression analysis and enrichment based on the
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resulting contrast statistics. To demonstrate this with decoupler, I use a bulk
dataset of hepatic stellate cells (GSE151251), where three samples were treated
with transforming growth factor (TGF-[1) and three served as controls.
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After loading the data, feature selection is applied to eliminate noisy genes. I use
the edgeR strategy'?, which selects genes with sufficient total counts and those
expressed In a minimum number of samples. Contrary to the original
implementation, a plotting function (Figure 2.8a) is provided to help determine
appropriate thresholds. For differential expression analysis, I use pyDESeq2'*, an
optimized version of the classic framework, along with custom plotting functions to
explore the results (Figure 2.8b)"* The Wald statistics from pyDESeq2 are then
used to infer TF activity with the collectri*® GRN (Figure 2.8¢) and pathway
activity using the progeny'” database (Figure 2.8d). As expected, fibrosis-related
TFs, such as MYOCD'®, SRF'* and JUNB'", are active in this contrast, with the
TGF-[1 pathway being the most active.

2.2.2.3. Single-cell analysis

In single-cell data, enrichment scores can be inferred at the cell level or at the
contrast level. To showcase cell-level enrichment, I use the classic 10X Genomics
dataset, which includes 3,000 peripheral blood mononuclear cells from a healthy
donor. After standard single-cell preprocessing, cell clusters are identified, followed
by cell type annotation. Enrichment can assist in this process by using cell type
marker gene collections. In the vignettes I illustrate this with decoupler using the
panglaodb database'®, which contains marker genes for various cell types. By
determining the top enriched cell type for each cluster, this information can guide
cluster annotation (Figure 2.9a). However, while this automatic annotation
provides a useful draft, review from domain experts is always advised to ensure
accurate annotation for the tissue of interest.
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Figure 2.9. a. UMAP embedding of single-cells, color indicates cell type. b. Predicted activity of
PAXS5 per cell. e. Violin plots displaying the predicted PAX5 scores, color indicates cell types as in a.
d. Heatmap of mean enrichment scores per cell type.

Once the clusters are annotated, TF and pathway inference can be performed. In
this example I showcase how PAX5, a crucial TF for B cell identity and function'®,
is active in B cells (Figure 2.9b). Another way to visualize this is to plot their
distributions as violin plots (Figure 2.9c¢), or summarized in a heatmap (Figure
2.9d).

For contrast-level enrichment, I developed a function that simplifies generating
pseudobulk profiles from single-cell data. This approach requires multiple samples
or patients across at least two conditions. Pseudobulking, also named in-silico
bulking, involves summarizing the counts of all cells from a specific cell type and

133 Typically, the counts are summed, but other

sample into a single profile
aggregation methods like the mean or median can also be applied. Once the
pseudobulk profiles are prepared, the bulk workflow described earlier can be
followed for each cell type, including feature selection, differential testing, and

enrichment based on contrast statistics.

2.2.2.4. Spatial analysis

Similar to cell-level enrichment analysis, it can also be applied to spatial data. To
demonstrate this, I use a Visium slide from 10X Genomics of a human lymph node,
which captures the expression of genes across spots, each containing a small
population of cells. By applying standard preprocessing steps similar to those used

50


https://paperpile.com/c/PHmN5y/O8Ek
https://paperpile.com/c/PHmN5y/Dz9s

in single-cell analysis, spots can be clustered and annotated into tissue regions
(Figure 2.10a). Despite capturing thousands of genes, expression in Visium slides
can be noisy and sparse (Figure 2.10b).
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Figure 2.10. a. Visium slide of a human lymph node. b. Expression of the gene IFIT3 across the
slide. e. Spatial connectivity bandwidth. d. Transformed expression of the gene IFITS3 across after
weighting for the spatial connectivity. e. Spatial enrichment score for the TF IRF9. f. Spatial
enrichment score for the JAK-STAT pathway.

To address the noise and incorporate the spatial component, I first transform the
input spatial gene expression data using spatial connectivity weights from
LIANA+"* (Figure 2.10c). Spots near a given spot contribute more to the final gene
value, while those further away contribute less. This spatial weighting smooths the
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gene expression data, reducing noise and integrating the spatial aspect into the
molecular readouts (Figure 2.10d). With the transformed gene expression data,
spatially-informed TF and pathway activities can be inferred (Figure 2.10e,f).

2.2.2.5. Benchmark pipeline

I have also developed an extended and faster benchmark pipeline, similar to the one
in the original decoupler manuscript. This pipeline can be used to evaluate
enrichment methods, assuming the provided gene set or GRN 1is correct, or to assess
a collection of GRNs if the enrichment method is considered reliable. For this
benchmark, I processed KnockTF2'%, a recent and comprehensive database that
compiles gene contrasts from TF knockout perturbation experiments. The pipeline
supports the simultaneous testing of multiple methods and GRNs, generating
metrics such as AUROC, AUPRC, mean rank, and mean quantiles (Figure 2.11.).
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Figure 2.11. Example of evaluation results for two literature-derived GRNs (collectri and dorothea)
and their random counterparts across the ULM, MLM and consensus enrichment methods.

2.2.2.6. Conversion to other organisms

Since most prior knowledge is derived from human data, it cannot be directly
applied to the study of model organisms like flies, mice, and others, limiting its
utility. To address this, homology conversion can be used to map gene names from
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humans to other organisms. Decoupler handles this through OmniPath'® a
metadatabase that integrates multiple resources. This allows gene transformations
to be performed with a simple one-liner command, for example:

mouse_grn = dc.translate_net(grn, target_organism = 'mouse')

2.3. Applications of regulation activity with decoupler

During the development of decoupler, I had the opportunity to collaborate with
several laboratories where it proved useful. In this section, I discuss two of these
projects and how decoupler contributed: molecular consequences of Severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) liver tropism'’ and spatial cell
type mapping of multiple sclerosis lesions'®.

2.3.1. Molecular consequences of SARS-CoV-2 liver tropism

Since the onset of the coronavirus disease 2019 (COVID-19) global pandemic,
extrapulmonary manifestations of the disease have drawn attention due to their
Impact on clinical outcomes and potential long-term effects. SARS-CoV-2 shows
tropism for various organs, such as the heart and kidneys, but whether it directly
affects the liver remains uncertain.

In this study, Wanner et al. explored this hypothesis by analyzing three cohorts of
COVID-19 patients hospitalized due to the disease. Although liver disease was rare
among these patients (1.4%), a significant percentage exhibited elevated levels of
aspartate aminotransferase and alanine aminotransferase, both markers of liver

139 Notably, higher levels of these enzymes were linked to decreased survival

njury
rates, highlighting hepatic injury as a key clinical feature in hospitalized COVID-19
patients. To investigate if the virus could be causing this, the presence of
SARS-CoV-2 in the liver was confirmed through RT-qPCR targeting the E gene in

an independent cohort.
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Figure 2.12. a. Experimental design for the RNA-seq profiling of patient liver samples. b. Mean
pathway enrichment score across groups from progeny. c. Differential pathway enrichment scores for
the PCR+,PCR- contrast for reactome gene sets. d. Mean TF enrichment scores across groups. HCV:
hepatitis C virus. HIV: human immunodeficiency virus. HBV: hepatitis B virus.

To investigate the molecular changes associated with SARS-CoV-2 liver tropism,
liver tissues from a subset of COVID-19 autopsies (n=10) were selected for
transcriptomic analysis. Three comparison groups were defined a priori (Figure
2.12a): (1) patients with COVID-19 and SARS-CoV-2-positive livers (n=5); (2)
patients with COVID-19 but SARS-CoV-2-negative livers (n=5) to account for the
systemic effects of COVID-19; and (3) non-COVID-19-related deaths (n=5, i.e.,
controls) to account for unrelated effects from autopsy-related collection and
storage.

Transcriptomic profiling confirmed the presence of key SARS-CoV-2 entry receptors
and facilitators in the liver autopsy samples, including ACE2, TMPRSS2, CTSL,
and RAB7A'*. Notably, a comparison with publicly available dataset'*! showed that
the liver had similar expression levels for these genes as the lung, suggesting that
Liver tissue is susceptible to SARS-CoV-2 infection. Additionally, transcriptional
changes linked to SARS-CoV-2 liver tropism revealed a marked upregulation of type
I and II interferon genes.
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To better characterize the transcriptional changes, I used decoupler to infer

" and reactome databases!*’. As

pathway enrichment scores using the progeny'?
expected, I observed an increase in immune related pathways such as JAK-STAT
and cytokine signaling in the immune system (Figure 2.12b,c). Interestingly,
modulation of JAK-STAT signaling has been proposed to intervene in SARS-CoV-2
viral entry and replication'®. Next, I inferred TF enrichment scores with the
dorothea®® GRN (Figure 2.12d). Interestingly, STAT2, a key mediator of type I IFN
signaling, was predicted to be activated in PCR+ samples, while NCORZ2, which
Interacts with histone deacetylases to suppress basal transcription, was predicted to

be inhibited.

Given that both clinical and molecular data indicated that SARS-CoV-2-mediated
liver injury resembled that of previously characterized hepatotropic viruses, I
compared publicly available bulk RNA-seq datasets from liver tissue samples of
patients with hepatitis C virus'*, human immunodeficiency virus'*’, and hepatitis
B virus'®. After inferring TF scores, I found similar patterns in livers from patients
with severe COVID-19 and those with liver infections (Figure 2.12d). Therefore,
this finding highlights a shared molecular signature between SARS-CoV-2 and
several viruses known to cause liver injury.

Despite all these layers of evidence supporting SARS-CoV-2 hepatic tropism, the
precise mechanism of infection remains unclear. Nevertheless, these findings clearly
indicate that the human liver is susceptible to SARS-CoV-2 infection, having
profound implications for patient management and treatment strategies,
particularly for those with pre-existing liver conditions or complications related to
COVID-19.

2.3.2. Spatial cell type mapping of multiple sclerosis lesions

Multiple sclerosis (MS) is a chronic inflammatory disease of the central nervous
system characterized by the formation of multiple lesions'’. These lesions follow
specific temporal and spatial patterns of inflammation and tissue damage. Acute
MS lesions begin with active myelin breakdown, after which they may undergo
remyelination or progress to a chronic active stage, featuring an inflammatory rim
and a clearly defined demyelinated core. Over time, inflamed lesions may become
Inactive, losing the rim inflammation and forming a dense glial scar. Although the
progression of these lesions is known, their exact cellular composition, molecular
dynamics, and signaling events within these niches remain poorly understood.

To better understand MS lesions, Lerma et al selected snap-frozen subcortical
blocks from patient autopsies based on histological assessment, together with tissue
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donors as controls. Samples that met sequencing quality standards were profiled for
snRNA-seq and/or spatial RNA-seq, resulting in a study cohort of 7 controls, 8
chronic active lesions and 4 chronic inactive lesions (n=19), from which 5 controls, 6

chronic active lesions and 4 chronic inactive lesions were paired (n=15) (Figure
2.13a).
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Figure 2.13. a. Experimental design for the joint snRNA-seq and spatial transcriptomics profiling of
patient subcortical samples. b. UMAP of annotated astrocytes subpopulations. ¢. Predicted activity
of the TF FOXJ1. d. Target genes of FOXJ1. e. Predicted spatial locations of ciliated astrocytes in
two chronic active MS lesions. f. Immunofluorescence example showcasing the length of cilia of
astrocytes in pm in the lesion core of chronic active MS lesions.

Together with Lerma’s biological expertise, I have processed this atlas and
annotated multiple cell-type subpopulations (Figure 2.13b). During this process I
used decoupler to identify a novel subpopulation of ciliated astrocytes. After TF
score inference, I observed that a small population of astrocytes showed a
significantly higher enrichment score for the TF FOXJ1 compared to the rest
(Figure 2.13c). Further exploration of FOXJ1 target genes from the collectri** GRN

56


https://paperpile.com/c/PHmN5y/DLwO

revealed its key role in regulating cilia-associated genes, such as DNAHI1 and
CETNZ2', leading us to name this group ciliated astrocytes (Figure 2.13d).

The next step was to i1dentify their spatial location in MS lesions. To achieve this, I
extracted marker genes from this subpopulation using differential expression
analysis and performed enrichment analysis at the spot level across all slides with
decoupler. Interestingly, spots predicted to contain ciliated astrocytes were located
in the lesion core of chronic active lesions (Figure 2.13e), suggesting a potential
role in lesion progression. Presence of this particular subpopulation was then
validated by Lerma using immunofluorescence targeting astrocyte and cilia marker
proteins (Figure 2.13f). Microscopy images revealed that these astrocytes produce
abnormally large cilia structures, measuring up to 80 um, compared to normal cilia
length of around 2 um.

Although the in vivo function of this subpopulation remains unclear, we hypothesize
that their location and absence of a proinflammatory phenotype suggest a role in
tissue remodeling and chronic scar formation. Alternatively, they may represent an
aberrant response to stress, as astrocytes with abnormal motile cilia gene
expression have been observed in the mouse cortex following induced mitochondrial
dysfunction'®, a process known to occur in chronic MS lesions. Future research will
aim to clarify the exact role this subpopulation plays in MS.
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Chapter 3: Benchmark of gene regulation models

In the second chapter I wrote about how enrichment analysis could be used to infer
transcription factor (TF) regulatory activities to discover novel biological insights,
where I also showed that simple linear models outperform classical enrichment
strategies. However, enrichment analysis also requires a gene regulatory network
(GRN) assumed to be correct. In this chapter, I begin by examining and quantifying
the differences in GRN inference across methods. This analysis 1s followed by the
design of a benchmarking pipeline and the evaluation of these methods across
various tasks to determine their effectiveness.

3.1. Comparison of multimodal GRN methods

Introduced in the first chapter, recent methods use multimodal RNA-seq and
ATAC-seq for GRN inference. By including CRE information, they can focus on
TF-Gene interactions that are more likely to be relevant, potentially reducing the
number of false associations. While the tools have been validated in their respective
publications, a comprehensive comparison is still lacking, and their similarity to
classical methods has not been explored. In this section, I compare some of these
new methodologies, celloracle®, dictys®', figr®, granie®, and pando®’, not only
against each other but also against baseline approaches (Figure 3.1.). These

123 two literature-derived networks, scenic®, the

include collectri*? and dorothea
current state-of-the-art GRN method for transcriptomics, and a random network
with a realistic GRN topology. For this comparison, I used a published, publicly

available multiome dataset from a patient's pituitary gland that includes multiple

cell types'™.
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Figure 3.1. From a paired snRNA-seq and snATAC-seq dataset I have generated GRNs for several
multimodal and baseline GRN inference methods.
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The first test I conducted was to assess whether these methods were robust in
reproducing consistent results. Stable methods were assumed to not drop their
overlap coefficient drastically when gradually downsampling for either number of
features or cells. To quantify this, I initially inferred a GRN for each method using
the full pituitary dataset, and then I applied two downsampling strategies to it: one
reduced the number of features while keeping the number of cells constant, and the
other kept the number of features constant while randomly downsampling cells. For
the feature downsampling, a predefined top number of highly variable features,
both genes and CREs, were selected to maximize differences across cell types. The
downsampling steps were repeated with progressively fewer features and cells, and
each step was performed three times to account for randomness. The downsampled
GRNs showed a substantial decrease in overlap coefficient when compared to their
whole counterpart (Figure 3.2.), indicating that preprocessing single-nucleus data
can greatly affect inference.

Notably, there was a sharper decline in overlap when fewer cells were used. When
halving the number of cells to 8,192, I observed overlap coefficients lower than 0.5
for celloracle, dictys and figr. This is something concerning for single-nucleus
technologies as they typically sample only a small fraction of cells, around 10,000
per sample, compared to the millions present in an organ. The two exceptions at
this were granie and pando. Although their overlap coefficient also dropped, they
achieved higher values compared to the other methods.

Regarding the downsampling of features, all methods were affected similarly,
dropping their overlap coefficients below 0.5 after just one downsampling step. This
behavior is also alarming, as for example celloracle recommends inferring their
GRNs using only a subset of highly variable features.

This downsampling strategy also allowed me to quantify the computational cost of
running these methods (Figure 3.2.), an important aspect to consider as it can limit
their accessibility to a broader community. The majority of methods took less than
two hours to run on 32 CPUs, the exceptions being dictys which also required a
GPU and figr, which I observed that its computing time grew exponentially.
Regarding memory usage, most methods required more than 16 GBs, the exceptions
being dictys and granie. Additionally, methods were difficult to use, even when
following their vignettes, as they require multiple inputs in various formats, which
most of the time are left for the user to manage.
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Figure 3.2. Stability and scalability analysis. Each dot represents the mean across three runs using
different random seeds, while error bars represent one standard deviation from the mean in each
direction.

Next, I compared the overlap of the different solutions proposed by these methods.
Although they share a moderate number of TFs and target genes (mean TF overlap
coefficient = 0.46; mean target gene overlap coefficient = 0.36), these nodes are
predicted to be connected in completely different ways with surprisingly low overlap
coefficients at the edge level between methods (mean edge overlap coefficient = 0.02)
(Figure 3.3a). I also visualized this by selecting only the interactions shared across
more than half of the methods and plotting them as subnetworks (Figure 3.3b).
Even when selecting for shared interactions, it is clear that their topologies are
quite different and that they potentially encode for distinct regulatory programs.
Nonetheless, together they seem to agree on some interactions, such as the
regulation of the target gene AREG. Interestingly, these AREG interactions are
absent in literature-derived GRNs (Figure 3.3c¢), highlighting the potential of these
methods to discover new biology. Scenic also captured these interactions as well, but
predicting many more edges than multimodal GRN methods, as it relies solely on
transcriptomics and may introduce more errors.
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Figure 3.3. a, Overlap coefficients between GRNs of the pituitary dataset across multimodal
methods and baselines at the TF, edge and target gene levels. b, network plot representing the
shared TF-Gene interactions present in at least three multimodal methods. ¢, same but for the

baselines (random is excluded since it did not capture any of these).
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Because multimodal methods also identify which CREs can explain the inferred
TF-Gene interactions, I decided to investigate the top TF interactions involving the
target gene AREG, as many multiple TFs such as FOSL1, FOSL2 and JUND were
predicted to regulate it by most methods. In this dataset, AREG, a member of the
epidermal growth factor family’, was particularly highly expressed in
corticotropes. This signaling ligand for the epidermal growth factor receptor has
been reported to impact cellular proliferation and differentiation across adjacent
cells but its particular role in the pituitary gland remains unclear'. Interestingly,
despite the methods predicting the same TF-Gene interactions for AREG, they used
different CREs to justify how the gene is regulated (Figure 3.4.). This indicates
that even when the methods agree on interactions, the underlying results differ and
might be influenced by chance.
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log-normalized gene expression levels (gene bodies with no expression present are white), and yellow
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interactions are presented as arcs. The color represents the GRN inference method, while the height

reflects the quantile of the final TF-gene interaction across the methods that have such interaction.

The previous results I have shown indicate that GRN inference is quite unstable, as

they provide different solutions to the same dataset. Another potential source of

disagreement in GRN inference is the nature of the multiome data, whether the
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data is truly paired, representing readouts from the same cells, or unpaired, with
readouts originating from different cells within the same tissue sample. As
discussed in the first chapter, using unpaired data requires an integration step to
computationally match cells from both omics. The impact of this integration on
GRN inference is still not well understood but highly relevant, as currently most
available datasets are unpaired due to their lower monetary cost compared to
paired data®'. The pituitary dataset I analyzed presents a unique opportunity, as it
includes both paired and unpaired multiome data from the same patient’s pituitary
gland (Figure 3.5a). Initial comparisons at the population level showed cell
abundance and molecular similarities between the two datasets (Figure 3.5b,c).
However, this similarity does not confirm the accuracy of cell-level mapping during
Integration.

To address this, I created a synthetic paired dataset by integrating the paired
multiome data as it were unpaired, allowing me to test the integration's efficacy
since I knew the true cell identities (Figure 3.5a). For each predicted barcode of
one modality to another, I computed its k-nearest neighbor and recorded which
neighbor was its true barcode in that modality. I observed that pairing predictions
were generally good, as the mean KNN position of the true barcode was 203.48
(Figure 3.5d). When looking at the cell type of the predicted matching barcode,
most cells were assigned a barcode of the same cell type (Figure 3.5¢). However,
the detailed molecular profiles, both at gene expression and chromatin accessibility
level, differed significantly, as indicated by low Spearman correlations (mean
correlation in chromatin accessibility = 0.03; mean correlation in gene expression =
0.14) (Figure 3.5f). This suggested that integrating unpaired data should be
approached with caution, as it could introduce unwanted variability in the resulting
GRN. To illustrate this, I compared GRNs derived from paired and unpaired
pituitary data and, as anticipated, found notable differences between them (Figure
3.52).

64


https://paperpile.com/c/PHmN5y/Junv

b c

. _ Number of cells Spearman correlation
Unpaired Integrated unpair R
Corticotropes 1.0 -
- @ Endothelial cells
2 8 Gonadotropes 05 1
Integration Immune cells '
(] ATAC 9 RNA ATAC Lactotropes 3 atac
RNA : Pericytes 0.0 A r——
. - . Pituicytes
Paired Fake pair Somatotropes =051
Stem cells
2 2 Thyrotropes —1.0 1
] S T T T T
0 2000 4000 obs var
RNA ATAC RNA ATAC mmm paired
d e f s upaired g
K-neighbor Precision Spearman correlation
Corticotropes -JUicE] 0.00 0.04 0.00 0.01 0.00 0.00 0.03 0.01 0.01 10
12000 08 : 1.0
Endothelial cells - 0.00 (0] 0.13 0.00 0.00 0.02 0.00 0.00 0.11 0.04
0.7
10000 Gonadotropes - 0.00 0.00 [s%:¥40.00 0.01 0.01 0.01 0.04 0.04 0.02 0.8 0.8
8000 Immune cells - 0.00 0.00 0.08 S84 0.04 0.01 0.00 0.06 0.04 0.02 06 0.6
0.6
. 6 0.5
oo Lactotropes - 0.00 0.00 0.08 0.00 B4 0.00 0.00 0.08 0.02 0.05 B atac 0.4
Pericytes -0.01 0.00 0.27 0.00 0.0AMO 00 0.05 012 0.07 L 0.4 s . e 0.2
4000 Pituicytes - 0.00 0.00 0.18 0.00 0.03 0.02 [X3&} 0.05 0.06 0.03 -03 0.0
\ 08 . e v 5 2 8 5 § 2
2000 Somatotropes -0.00 0.00 0.08 0.00 0.03 0.00 0.00 [sX:£30.02 0.03 -02 0.2 % %‘ g 5 .E ﬁ g g ﬂ:)
©
Stem cells - 0.00 0.00 0.07 0.00 0.02 0.00 0.01 0.02 [ 0.01 5 T 5 8 % i E 8
-01 = s £
o o
Thyrotropes -0.00 0.00 0.08 0.00 0.05 0.00 0.00 0.05 0.03 (U] 00 8 ©
, \ L 00

atac ma

ine cells
otrope:
ericyte:
ituicyte:

5 § & 2

Gonadotropes -
Lac

Corticotropes =
Endothelial cells -

Imm

Figure 3.5. a, Paired and unpaired multiomics profiling were available for the pituitary dataset. To
be able to use the unpaired data for GRN inference, I integrated cells from the two omics using figr’s
optimal transport approach. Unpaired data might contain a different number of cells for each
modality but figr performs a 1-to-1 matching of cells. To evaluate how good this integration was, I
also generated a synthetic paired dataset by integrating the paired dataset as if it were unpaired. b,
Number of cells per cell type for both paired and unpaired datasets. e¢, Spearman correlations
between the paired and unpaired pseudobulk profiles at the observation (one cell type at a time,
comparing features) and feature (one gene or CRE at a time, comparing cell types) levels in both
omics (obs: observations, var: features). d, Position of the real matching barcode for an anchor
barcode in the KNN graph from the synthetic paired dataset. e, Precision of predicted barcodes from
the synthetic dataset at the cell type level. f, Spearman correlations between the real and matched
fake barcodes at different levels and omics (obs: observations, var: features). g, Overlap coefficient
between GRNSs inferred from the paired and the unpaired dataset.

Up until now, I have observed that these multimodal methods are quite unstable,
necessitating a deeper understanding of their individual steps involved, which I
explain in detail in chapter one: (1) preprocessing, (2) assignment of CREs to target
genes, (3) TF binding prediction on CREs and (4) modeling. It could be the case that
differences in results might stem from the final modeling step, or they could be due
to the use of different motif databases, even if the modeling strategies themselves
are similar. To exactly pinpoint the sources of this variability, I broke down the
steps of the original methods into modular components, which I implemented in a
reproducible Snakemake pipeline called GRETA (Gene Regulatory nETwork
Analysis) (https:/github.com/saezlab/greta benchmark/). This modularity enabled
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me to run any combination of methods, resulting in 4" possible combinations, where
N represents the number of GRN inference methods considered.

The first thing I tested was to fix the original pipeline for a given GRN method and
observe which step had the most significant impact when replaced by the same step
but from another method. I found that changing any step of one GRN method to
another had a profound effect on the final inferred network (Figure 3.6a), the only
two expectations being granie and pando in their CRE to gene assigment. Next, I
wondered whether at least different runs would converge to a limited set of
solutions. To quantify this, I clustered all the runs based on their pairwise overlap
coefficients and found that all combinations of inferred GRNs were all quite distinct
from one another as their overlap coefficient was just slightly higher than when
compared to the random GRN (mean overlap coefficient of non-random comparisons
= 0.071; mean overlap coefficient of random comparisons = 0.0026), suggesting that
each combination produced a unique solution to the inference problem (Figure
3.6b). These two results support my earlier observation (Figure 3.3a), that
currently these methods are quite unstable to processing and modeling choices.
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Figure 3.6. a, For each method, overlap coefficient between their original fixed pipeline with runs
that only change one of the steps to another method’s flavor (pre: preprocessing, p2g: CRE to gene,
tfb: TF binding, mdl: modeling). b, Overlap coefficient across all combinations of runs.
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3.2. Benchmark design

Up until now, this study has been purely descriptive. While the methods provide
different solutions, critical questions remain: what can we trust? Are there
formulations better than others? These are challenging questions, as there are no
profiling technologies that directly measure GRNs, but rather capture their
downstream effects. As a result, evaluating GRNs remains an open issue in the field
and a comprehensive methodology to assess GRN performance is missing. To
address these questions, I have designed an extensive set of evaluation metrics,
divided into three main categories: mechanistic, predictive, and knowledge-based
metrics (Table 3.1.). These metrics are aimed at testing the reconstruction of
GRNs, where false positives are defined as regulatory interactions included in a
GRN that either fail to recover effects following perturbations, fail to predict
observed gene expression or chromatin accessibility, or are not supported by curated
knowledge. For most metrics, I have parsed multiple external databases to be as
comprehensive as possible as they have different coverages across them (Figure
3.7).

Mechanistic metrics assess whether GRNs are causal, meaning that if a TF is
perturbed, its inferred target genes should show corresponding changes in
expression. Additionally, these changes should propagate accordingly through the
network. For this, I again used the KnockTF database'®, a curated collection of
single TF perturbation experiments containing over 456 unique TFs and 907
experiments across various cell types and tissues. Specifically, I used their contrast
statistics obtained from differential expression analysis between perturbed and
unperturbed samples, often referred to as perturbation signatures.

In this category, I defined two metrics. The first, “TF activity”’, evaluated whether
an inferred GRN could accurately predict TF perturbation based on the changes in
expression of its target genes, using the ULM enrichment method from decoupler'®.
The second metric, “forecasting”, tested whether the inferred network topology
could replicate observed changes in target gene expression by simulating a TF
perturbation with Markov chain propagation of gene expression through the
network®. Predicted changes were then tested against the observed ones using
Spearman correlation (rho > 0.05, FDR < 0.05).

For predictive metrics I defined two approaches. The first metric, “omics”, involved
splitting the original dataset used to infer the GRN into a training and testing set
(80% train, 20% test). The goal was to assess how effectively the GRN topology can
predict various omics features using XGBoost'™ regression from the original
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observational data. Particularly, three different prediction tasks were employed:
prediction of target gene expression based on accessibility of assigned CREs,
prediction of CRE accessibility based on the expression of assigned TFs, and
prediction of target gene expression based on expression of assigned TFs.
Predictions were then tested with the test split using Spearman correlation (rho >
0.05, FDR < 0.05).

The second predictive metric, “Gene sets”, evaluated whether the inferred GRN
reflected the same gene sets detected at the single-cell level in the original data.
Enrichment activity scores were first computed from the single-cell data. A gene set
was deemed relevant if it was significantly enriched in a sufficient proportion of
cells (ULM score > 0, FDR < 0.05, proportion > 20%). Subsequently, for each regulon
overrepresentation of gene sets were tested using a one-sided Fisher exact test
(FDR < 0.05). To maximize coverage, I used four different collections of gene sets:
hallmarks® (4384 genes across 50 sets), kegg!™ (5244 genes across 186 sets),
reactome'®(11290 genes across 1736 sets) and progeny'?’(9499 genes across 13 gene
sets).

For the knowledge-based metrics I used four assessment scores. The first metric,
“TF markers”, tested whether a GRN incorporated TFs that were critical for a given
biological context. For example, a GRN defining the regulatory program of B-cells
should contain PAX5 as it is a key TF to both induce and maintain B-cell lineage'®.
I have extracted such information from TF protein abundance located in the nuclei
from the human protein atlas'®” (474 TFs across 117 labels), and from the database
TF-Marker'® (607 TFs across 302 labels).

The metric “TF binding” evaluated the capacity of a GRN to correctly recover
previously measured TF-CRE binding events from ChIP-seq data. This evaluation
has been the state-of-the-art approach to evaluate GRNs in past benchmarks®"¢!,
even when inferred only from transcriptomics where the exact CRE is not known
and 1t i1s assumed to be the promoter region of the target gene. I extracted TF
binding genomic regions from the chipatlas'™ (1055 TFs across 1032 labels),
remap2022'%° (752 TFs across 130 labels) and unibind'®' (266 TFs across 983 labels)
databases, only keeping binding peaks with less than 750 base pairs to remove

potential artifacts.

The metric “CREs” measured if the CREs included in a GRN have been previously
annotated as regulatory regions. This included regions with evolutionary
conservation, promoter  regions, disease-associated  single  nucleotide
polymorphisms, and regions verified for regulatory activity through biochemical
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assays. Evolutionary conserved regions have been reported to be functional as there
is evidence of conserved enhancers subject to natural selection'®®. For this, I used
the PhastCons regions collection'® (2,243,811 CREs spanning 167 Mb). In a similar
fashion, CREs that accumulate variants associated with disease can be assumed to
be functional since their perturbation has consequences in the phenotype.
Individual variants were extracted from the GWAS Catalog database'®* (295,333
CREs spanning 430,5 kb). Promoter regions are known for their regulatory activity?,
which I extracted from Ensembl through biomartR'® (41,080 CREs spanning 82,2
Mb). Finally, I extracted annotated CREs from two enhancer databases, ENCODE"®
(1,060,118 CREs spanning 291,18 Mb) and Zhang21'" (1,152,470 CREs spanning
463 Mb).

For the “Genes” metric, the objective was to determine whether the inferred GRN
could accurately recover known CRE-Gene interactions. To achieve this, I leveraged
the information extracted from expression quantitative studies which assign
nucleotide variants to changes in gene expression. The data for these interactions
was sourced from the eQTL catalog'®® (17,494 genes across 983 labels).

Because gene regulation is known to be highly context-specific'®, before applying
most of these metrics, the aforementioned databases were filtered to include only
tissue or cell-type information for the particular dataset being studied. For example,
if a GRN was inferred from a hearth dataset, databases would be filtered to only
contain cardiac information based on their available cell-type or tissue labels.
Moreover, features such as genes or CREs not present in the original dataset were
also removed from the databases.
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not use a database as it used the original single-cell data. Hallmarks (hall), reactome (reac), progeny

(prog), human protein atlas (hpa).
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Table 3.1. List of evaluation metrics used to evaluate multimodal GRNs together with their
objective and definition. Metrics that mention context-specific information were tailored for each
specific dataset. For example, when working with a heart dataset only entries that contain
cardiac-related labels would be used. True Positives (TP), False Positives (FP) and False Negatives

(FN).

Type Name Objective Definition
e TP =TF included in GRN with significant
activity score for a perturbation experiment
Identify altered TF's in e FP=TF included in GRN but with
TF activity context-specific perturbation insignificant activity score for a perturbation
experiments experiment
e FN =TF not in GRN but in perturbation
experiment
Mechanistic e TP =TF targets included in GRN with
significant Spearman correlation between
Anticipate changes in gene predicted and observed changes in gene
. expression
Forecastin S;(E:eei:}sneiifﬁiecr'I?F e FP =TF targets included in GRN but with
g erturbafion simulation insignificant Spearman correlation between
pro agated through the GRN predicted and observed changes in gene
propag g expression
e  FN =TF not in GRN but in perturbation
experiment
Independently predict omic e TP = omic feature included in GRN with
fea tfre rea doi g; from other significant Spearman correlation between
omic features from the original predicted and observed molecular readouts
Omics omics dataset. For exam 1%3 e  FP = omic feature included in GRN but with
Gene ~ TF. + ’ +TF TI;IQ insignificant Spearman correlation between
features toluse‘z. .are bage don predicted and observed molecular readouts
Predictive the inferred GRN topolo e  FN = omic feature not in GRN but in omic
pology dataset
i}llia:ltuizn (;(fegi?tls dsif)sbl: GRN e TP = gene set in GRN and omics data
Gene sets resent ilrol the orieinal omics e  FP = gene set in GRN but not in omics data
gataset g e FN =gene set not in GRN but in omics data
Presence of context-specific TF e TP =TF in GRN and marker collection
Marker TFs markers in GRN P e FP=TF in GRN but not in marker collection
e  FN =TF not in GRN but in marker collection
e TP =TF-CRE in GRN and in measurement
collection
TF binding f;r?:eezcz;efc’fg(;%il?ﬁng e FP =TF-CRE in GRN but not in measurement
j . collection
measurements in GRN e  FN = TF-CRE not in GRN but in
Knowledge measurement collection
. e TP = CRE in GRN and in annotation
CREs glg;ence of annotated CRESs in e  FP=CRE in GRN but not in annotation
e FN = CRE not in GRN but in annotation
Reculated gg;exfh"::l’izz’t‘z;pemﬁc e TP =CRE-Gene in GRN and in annotation
efes resulation to a neighborin e FP = CRE-Gene in GRN but not in annotation
& geie in GRN g g e FN = CRE-Gene not in GRN but in annotation
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Each metric's performance was evaluated using precision and recall scores. The
final summary for each score was expressed as a weighted F-score, emphasizing
precision ten times more than recall. This weighted approach is justified because
while GRNs are unlikely to capture all possible interactions (reflected by recall), it
is crucial to assess their ability to make accurate predictions (indicated by
precision). Precision alone is insufficient, as a method that predicts only one
interaction correctly would score perfectly on precision but poorly on recall.
Therefore, recall was included but weighted with less importance.

Finally, GRN inference runs were ranked based on their performance for these
metrics. To assess whether a particular method consistently ranked high across
multiple runs in a given metric, I repurposed the GSEA enrichment method. Here,
runs using the same step of a method were treated as a set, while the background
consisted of all other runs not associated with that method. Empirical p-values were
calculated by performing 1,000 random permutations to test for statistical
significance.

3.3. Evaluation of multimodal GRN inference methods

To test the benchmarking capabilities of these metrics I required a multimodal
dataset with enough context-specific information stored in the aforementioned
databases. Unfortunately, the pituitary dataset was not suitable due to its low
coverage in databases. Instead I used a dataset of human peripheral blood
mononuclear cells available from 10X Genomics.

Similar to the pituitary dataset, I also generated all possible different combinations
of GRN runs across methods using GRETA’s pipeline. Then, each obtained GRN was
evaluated by all the aforementioned metrics (Section 3.2.), constraining the
databases to only contain human peripheral blood mononuclear cells labels
whenever possible, as to make the evaluation as context-specific as possible. The
resulting F,, evaluation scores were then summarized per metric type and
step-method combinations by calculating their mean across databases for a
particular task, and then summarized again by the mean at the metric type level
(Figure 3.8a).

I observed that in general, all methods score relatively high in the predictive tasks
(mean F,, score = 0.51). Runs significantly ranked higher than other strategies
when using preprocessing from celloracle, figr or dictys (NES > 2, FDR < 0.05), CRE
to gene assignment from dictys or pando (NES > 2, FDR < 0.05), TF binding
predictions from dictys and modeling from celloracle or dictys (NES > 2, FDR <
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0.05). Most methods performed moderately at knowledge-based (mean F,; score =
0.28), with runs significantly ranked higher than other strategies when using
preprocessing of celloracle, figr or dictys (NES > 2, FDR < 0.05), CRE to gene
assignment from celloracle (NES > 2, FDR < 0.05), and TF binding predictions from
dictys or granie (NES > 2, FDR < 0.05). However, all methods struggled in the
mechanistic tasks (mean F,, score = 0.02), with no strategy significantly ranked
above the rest.
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Figure 3.8. a, Mean F,, scores across methods and types of evaluation metrics for each inference
step. Asterisks indicate significance of higher ranking for a particular step-method combination
compared to the rest (FDR < 0.05). b, Ranked distributions of F,; for all possible combinations across
types of metrics. Colored lollipop plots indicate the position in the ranking for the original fixed runs.
Dashed black line indicates the position of the random network.

I also compared the ranking of the original methods with the literature-derived
GRNs (collectri and dorothea), a data-driven method based solely on
transcriptomics (scenic) and a random GRN (Figure 3.8b). Most multimodal GRN
methods could not score better than the random baseline in mechanistic tasks, the
exceptions being scenic, collectri and dictys. For the predictive metrics all methods
outperformed the random baseline, with dictys, scenic and celloracle ranking higher
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than the rest. Finally, all methods also were able to outperform the random baseline
when recovering known biology. Literature-derived GRNs ranked better than any
method for this metric, followed by figr, granie, celloracle and dictys.

Taken together, these results suggest that this new wave of multimodal GRN
inference methods, although promising, fall short of their promises. I have shown
that they are highly unstable to preprocessing and modeling decisions, and do not
substantially outperform literature-derived or transcriptome-only-based GRNs.
Considering also their high computational cost and difficult usage, these results
suggest that it may be more convenient to use literature-derived GRNS. These can
easily be fetched as lightweight dataframes and contextualize them by filtering for
the observed expressed genes. Future studies will determine if new methods are
able to surpass literature-derived GRNs.
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Discussion and future perspectives

In this thesis, I have summarized the current state of the art in gene regulatory
network (GRN) inference in the first chapter, highlighting the new generation of
methods that integrate transcriptomics and chromatin accessibility data to
potentially infer more accurate networks. I have identified and standardized the set
of shared steps in multimodal GRN inference, providing method developers with a
clearer understanding of the decisions they face. For example, I highlighted that
many current methods infer transcription factor (TF) binding before assigning
cis-regulatory elements (CREs) to genes, which can lead to an increased number of
false predictions as numerous CREs will ultimately not be linked to genes.

There, I have focused on transcriptomic and chromatin accessibility methods that
infer GRNs, but other modeling strategies exist that combine both omics to better
understand gene regulation. For example, there i1s a collection of deep
learning-based computational methods that model measured chromatin

170172 Through in silico

accessibility from sequence data at base pair resolution
mutagenesis of DNA sequence, these models identify context-specific impactful
nucleotides. This information can then be used to better understand the effect of
rare nucleotide variants in disease, or to perform context-specific TF binding

predictions through motif matching.

Other layers of gene regulation exist that I have not explored. For example,
MicroRNAs are small RNA molecules that can regulate gene expression by binding
to complementary sequences of target mRNAs, leading to their degradation or
translational inhibition'”. This mechanism is crucial for cellular development and
function. Approaches similar to gene co-expression analysis have been adapted to
infer potential miRNA interactions with target genes®*'™. However, such analyses
require short-read RNA sequencing measurements, which are less commonly
available than standard transcriptomics!’”®. While there are some variations of
miRNA profiling technologies at the single-cell level, these have yet to see
widespread adoption'™.

Another layer of gene regulation that is often overlooked is alternative splicing,
where a single gene can produce different mRNA transcripts from the same DNA
sequence. TFs play a dual role in this case, as they have the ability to promote
alternative splicing of mRNAs'", but also because their own isoforms can yield
completely different regulatory activities, some of them leading to diseases such as

cancer'’™®. However, dealing with transcript isoforms is a hard task, as it requires
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long-sequencing profiling techniques and computational approaches to correctly

identify and annotate valid isoforms**!#°,

It is also crucial to understand that gene regulation operates within a complex and
interconnected cellular network. The classic example of the lac operon, where
lactose metabolism activates gene regulation, illustrates that GRNs are intricately
linked with broader cellular processes. Both metabolism and gene expression
reciprocally regulate each other to maintain homeostasis and regulate cell growth,

survival and differentiation'®’

. Gene expression does it by controlling the output of
enzymatic genes, and metabolism does it by modifying DNA and histones through
enzymatic activity, which will have consequences in chromatin accessibility and

thus gene expression.

Additionally, gene regulation depends on signaling cascades based on internal and
external cues. When signaling receptors are activated by the binding of ligands,
they trigger the activation of signaling proteins, which transmit the signal through
protein modifications'®. The most prevalent group of signaling proteins are kinases,
proteins specialized in the transfer of phospho groups across molecules. These
modifications propagate the signal, ultimately activating or inhibiting various TFs,
which then impact gene regulation by modulating the expression of specific genes.

On top of that, these signaling cues rely heavily on the cellular context, influenced
by the neighborhood in which a cell is located'®. There are computational single-cell
methods designed to predict ligand-receptor communication events. Even though
they are widely used by the community, their reliability has been debated'*.
Recently, with the advent of spatial transcriptomics, there are refined approaches
that incorporate spatial proximity to better infer cell-cell communication, enhancing
the accuracy of predicted interactions'®*.

An equally crucial aspect of gene regulation is its temporal dynamics. After a TF is
transcribed, it may take hours before it becomes a functional regulator of other
genes, highlighting the time-sensitive nature of regulatory processes. Classic GRN
methods, such as those based on ordinary differential equations or boolean
networks, have attempted to capture these dynamics. More recent approaches
incorporate single-cell pseudotime to model regulatory changes over time'®*.
Current technologies still face significant limitations in accurately resolving these
temporal aspects, although lineage capture approaches are starting to be developed
at the single-cell resolution'®.

The incorporation of chromatin state on top of transcriptomics into GRN inference
has been a step in the right direction, but future modeling approaches should aim at
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also incorporating these other key aspects of gene regulation to provide a more
complete picture of how GRNs operate. This holistic approach could reveal more
detailed regulatory dynamics and offer better insights into cellular behavior.

In the second chapter, I have showcased one of the most important applications of
GRNs, TF activity scoring inference, where I showed that simple linear models
outperform classic enrichment scoring approaches. Additionally, I have presented
decoupler, a computational tool I developed that, by inferring TF activities,
facilitates the discovery of new biological insights, as demonstrated in the
COVID-19 and multiple sclerosis projects. Although decoupler’s Python
implementation is highly scalable compared to other enrichment frameworks, it still
relies on CPU-based compiled code. With the increasing availability of single-cell
and spatial transcriptomics data from initiatives like the Human Cell Atlas'®®,
involving millions of cells, parallel computing strategies, such as GPU-based
processing, are becoming essential. Rapids single-cell'®, a GPU-accelerated analysis
toolbox from the scverse'?®, has already integrated decoupler in their framework,
making it feasible to apply enrichment analysis to large-scale datasets.

In the third and last chapter, I developed the Gene Regulatory nETwork Analysis
(GRETA) snakemake pipeline, a comprehensive comparison of these new
multimodal GRN inference methods, with an extensive set of GRN evaluation
metrics allowing me to rank these methods against baseline models. While this
evaluation framework is, to my knowledge, the most exhaustive to date, it remains
an indirect way of assessing GRN quality due to the lack of direct profiling
technologies for regulatory interactions. Each metric presented relies on
assumptions, for example, one of the knowledge-based CRE metrics assumes that
CREs are evolutionarily conserved, which is not universally true. Despite these
limitations, combining multiple evaluation metrics offers a more robust approach
than traditional evaluation attempts, such as simply assessing overlaps with
available ChIP-seq binding data. Currently, GRETA is restricted to human data, as
the databases that I have processed were human-specific, but future work will aim
to expand the framework to include model organisms such as the mouse or the fly.
Moreover, the methods shown in this benchmark were selected above many others
because of their easier implementation, but more are missing such as scenic+".

The main result of my benchmark is that while inferred GRNs perform well in
predictive tasks and moderately reflect known biology, they lack mechanistic
properties. This 1s expected because the process of trans-regulation involves
numerous steps that are not fully captured by gene expression or chromatin
accessibility data alone. For a TF to regulate a target gene, its transcript must first
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exit the nucleus via nuclear pores, get translated into protein, undergo activation
through post-translational modifications, re-enter the nucleus, interact with other
nuclear TFs, and require accessible chromatin and favorable conditions at the
target TSS to exert regulatory effects. This chain of events is further complicated by
processes we may not yet fully understand or have not yet discovered.

One of the main limitations of all current inference methods is that they assume
that TF expression variability is informative when it has been shown that TF
expression measurements alone do not correlate well with their activity'®’. This
issue 1s especially pronounced in single-cell datasets, which suffer from technical
dropouts and general data sparsity, further complicating the inference of regulatory
Interactions.

In my benchmark, I have found that multimodal approaches sometimes perform
comparably to, or worse, than literature-derived GRNs, suggesting that de novo
GRN inference may be overly complex and that integrating prior biological
knowledge in the inference pipelines could improve inference performance. For
example, one could, instead of using TF expression, first infer TF activities using a
prior GRN and then refine these interactions based on both observed chromatin
accessibility and target gene expression.

In summary, my thesis serves as a comprehensive resource for understanding how
gene regulation is modeled within systems biology. It demonstrates how GRNs can
yield new biological insights in the context of human disease and evaluates the
latest wave of multimodal inference methods. While these methods show promise,
my work highlights significant caveats and raises the need for further
advancements in the field of GRN inference.
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