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Abstract

Gene regulatory networks (GRNs) capture the regulatory interactions that govern
gene expression, providing insight into how cellular identity is established and how
dysregulation of these interactions can drive disease. This makes GRNs a valuable
tool in drug discovery, where identifying the regulators responsible for aberrant gene
expression can help prioritise therapeutic targets.

Inferring these networks is difficult, as no complete experimentally validated reference
of true regulatory interactions exists, making evaluation of GRN inference methods
challenging. GRETA, a recently developed benchmarking framework, addresses this
by comparing inferred networks through similarity and stability, and evaluating them
against three complementary families of metrics capturing causal, predictive, and
literature-based evidence.

This thesis investigates whether deep learning can improve GRN inference by inte-
grating two neural network-based methods, LINGER and DeepMAPS, into GRETA, and
benchmarking them against existing inference methods on peripheral blood mononuclear
cell data.

The results suggest that deep learning does not systematically outperform existing
methods. LINGER remains competitive across most evaluation tasks and its transcrip-
tion factor activity module shows substantial agreement with SCENIC+, the current
state-of-the-art method. DeepMAPS underperforms across most evaluation tasks, which
may partly reflect the difficulties encountered in reproducing its original implementation.
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Use of AI

Artificial intelligence tools were used in four ways during the preparation of this thesis.
First, as a search aid to navigate code documentation and locate relevant research
papers. Second, as a language assistant to rephrase, improve clarity, or synthesise
written content. Third, to assist in generating figures and diagrams, either by producing
Python code for data plots or TikZ code for schematic diagrams. Fourth, during the
integration of the methods into GRETA, AI tools were used to suggest implementation
ideas and help debug methods that would not run, such as which libraries or tools to
consider for a given task and how to use them effectively; the resulting code was then
reviewed, adapted, and validated by the author.

Whenever a figure was produced with AI assistance, it is marked with the symbol
in its caption.
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1. From gene expression to GRNs

1.1 Gene expression
Genes are segments of DNA that contain the information to make proteins: chains of
amino acids required for the structure, function and regulation of the body’s tissues and
organs. Each cell contains all the DNA of an organism, known as its genome, organised
in about 20,000 different genes [7].

Proteins are produced through gene expression (Figure 1.1). The first step is tran-
scription, in which the DNA sequence of a gene is copied into a single-stranded RNA
molecule called messenger RNA (mRNA) [8]. Unlike DNA, mRNA can be read by the
cell’s machinery and can carry genetic information out of the nucleus1. The mRNA
then moves to the ribosomes, the site of protein synthesis, where translation takes place.

Figure 1.1: Overview of gene expression, showing transcription and translation processes.
From [1].

1membrane-enclosed organelle within a cell that contains the chromosomes [9]
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An mRNA strand is built from four nucleotides: adenine (A), cytosine (C), guanine
(G), and uracil (U). The sequence is read in groups of three bases known as codons,
and each codon encodes a particular amino acid. During translation, each codon in the
mRNA pairs with the complementary anticodon on a transfer RNA (tRNA) molecule,
which delivers the corresponding amino acid. As this process repeats along the strand,
the amino acids are linked together into the growing chain that will fold into the finished
protein [10].

1.2 Gene Regulatory Networks
For a gene to be expressed, it first has to be transcribed (Figure 1.2). Understanding what
regulates gene transcription is the essence of gene regulatory networks. Transcription
is carried out by RNA polymerase, the enzyme that synthesises mRNA from a DNA
template, and its activity is controlled through the interaction between cis- and trans-
regulatory elements.

Cis-regulatory elements (CREs) are DNA sequences located on the same DNA
molecule as the gene they regulate, where regulatory proteins can bind. They come in
three main types: promoters2 located directly upstream of the gene, as well as enhancers
and silencers3 located further away.

Trans-regulatory elements, by contrast, are diffusible molecules, most prominently
transcription factors (TFs), which act on one or more target genes (TGs) by binding to
their corresponding cis-regulatory elements [13].

Together with cofactors that assist in assembling the transcriptional machinery,
transcription factors regulate gene expression by influencing the recruitment and activity
of RNA polymerase [2]. In this way, they can promote transcriptional initiation, acting
as activators, or reduce transcriptional activity, acting as repressors. The combined
action of TFs and cofactors therefore determines whether a gene is ultimately transcribed
and expressed.

Figure 1.2: Overview of gene transcription. From [2].

2A regulatory region in the genome located before the transcriptional start site of a gene, where
RNA polymerase binds to initiate transcription [11].

3Distal regulatory DNA regions where transcription regulatory proteins can bind to respectively
activate or repress transcription [12].
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Gene regulatory networks can be represented as graphs in which nodes correspond
to transcription factors (TFs), regulatory elements (CREs), or target genes (TGs), and
edges represent three types of interactions:

1. TF–CRE edges, the TF binding strength α

2. CRE–TG edges, the cis-regulatory strength β

3. TF–TG edges, the trans-regulatory strength γ

To understand how a particular target gene is regulated, it is necessary to identify
both the cis-regulatory elements associated with it and the transcription factors that
bind to these regions. CRE–TG interactions capture the link between regulatory ele-
ments and their target genes, often inferred from genomic proximity, while TF–CRE
interactions describe the binding of TFs to accessible regulatory regions. Together, these
relationships determine how TF activity influences gene expression, which is represented
by TF–TG interactions. These three interaction types therefore capture complementary
layers of regulation and together form the basis of a gene regulatory network.

Since transcription factors are proteins encoded by genes and produced through
gene expression, all transcription factors are also target genes, but not all target genes
are transcription factors. This implies that TF–TF interactions can also occur within
gene regulatory networks.

1.3 The input data
Gene regulatory networks are inferred from single-cell multi-omics data (Figure 1.3),
which combine two paired layers of molecular information measured in the same cells.
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changes and can be used to inform GRN inference. The resulting GRNs 
provide valuable insights into the complex processes involved in key 
fate decisions. LEAP53 and SINCERITIES54 are examples of GRN inference 
methods that leverage pseudotime ordering to infer the directionality 
between genes in the GRNs. The use of contrast-level statistics obtained 
after differential testing55,56 is an effective means of identifying differ-
ences between conditions, such as between healthy individuals and a 
cohort of patients with disease. This strategy differs from computing 
differences between GRNs, as explained in the later section describing 
‘Downstream GRN analyses’.

Recent advances in single-cell chromatin accessibility profiling 
(such as single-cell ATAC-seq (scATAC-seq))57, which can be carried 
out together with single-cell transcriptomics26–28, have allowed for 
the refinement of GRN reconstruction at an unparalleled definition. 
Some early works inferred GRNs from unpaired multi-omics data to 
study human myeloid cell differentiation58, mouse embryonic devel-
opment59 and HIV infection of dendritic cells60. However, they did not 
provide their method implemented as a tool for others to use. These 
were followed by an explosion of novel methods for GRN inference 
that leverage both scRNA-seq and scATAC-seq (Table 1 and Fig. 2; see 

Supplementary Box 1). The multimodal data used for GRN inference can 
be paired if both measurements come from the same cell or unpaired if 
they come from different cells. Some methods do not require match-
ing chromatin accessibility and gene expression 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. 
By contrast, other methods model both modalities in the same cell 
simultaneously. In these ‘simultaneous’ methods, unpaired data can 
still be modelled if both modalities are matched using integration 
approaches61. To facilitate usage, some of these methods (for example, 
DeepMAPS62, FigR63, GLUE64, scAI65 and SOMatic66) implement their 
own integration approach.

Multimodal GRN inference methods use an extended framework 
to that used by single-modality methods to reconstruct GRNs. Spe-
cifically, they predict gene expression from TF gene expression, they 
assign TFs to accessible CREs using binding motif information and they 
associate CREs with target genes constrained by genomic distance 
(Fig. 2). For the prediction of TF binding events, different methods 
use different, highly heterogeneous TF binding motif databases and 
prediction algorithms (Table 1 and Box 1). As TF binding motif databases 
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Fig. 2 | Flow chart of methods for gene regulatory network inference.  
Methods for gene regulatory network (GRN) inference involve different steps  
depending on the data modalities generated for the samples or cells being  
studied. Transcriptomics data are first preprocessed and normalized to build  
a gene expression matrix, containing the transcript levels of each gene across  
samples or cells. A list of known transcription factor (TF) genes is obtained from  
other sources to distinguish genes with regulatory capabilities. Interactions  
between TFs and target genes are then inferred by building models that try to  
predict the observed gene expression from TF transcript abundance, generating  
TF–gene associations. Finally, the obtained interactions are aggregated and  
represented as a GRN. Chromatin accessibility data are first preprocessed  
and peaks are called to build a peak accessibility matrix, containing binary  

information about the openness of cis-regulatory elements (CREs) across  
samples or cells. CREs are associated with genes based on genomic distance  
limits, and TFs are predicted to bind to CREs using TF binding motif databases  
and motif matcher algorithms. Together, this information is used to obtain  
TF–CRE–gene triplets. Finally, these interactions are simplified into TF–gene  
pairs and aggregated into a GRN. When samples are profiled by both tran
scriptomics and chromatin accessibility (multi-omics data), preprocessing  
of each modality is carried out and, if needed, the unpaired modalities are  
integrated. Having both modalities available, methods can simultaneously  
leverage the three aforementioned modelling steps to build TF–CRE–gene  
triplets, which then are simplified and aggregated into a GRN.

Figure 1.3: Multi-omics data. From [2]

The first layer is the transcriptome, which
captures gene expression using single-cell RNA
sequencing (scRNA-seq). This technology mea-
sures the abundance of RNA molecules present
in a cell at a given time, indicating which genes
are currently being transcribed [14]. Although
every cell contains the same set of genes, differ-
ent cell types show different patterns of gene
expression [15].

In practice, scRNA-seq data is represented
as a gene expression matrix, where columns
correspond to genes and rows correspond to
individual cells. Each entry in the matrix con-
tains raw counts, representing the number of RNA molecules (or sequencing reads)
associated with a given gene detected in a specific cell. Each cell is identified by a
unique DNA sequence called a cell barcode, allowing all reads from the same cell to be
grouped together into one row of the matrix.

Cell type annotation consists of mapping each barcode to a cell type, and since
both modalities share the same barcodes, the same annotation is used for both. This

3



annotation is provided as input to the GRN inference methods, supplying additional
information by grouping individual single cells into broader cell-type categories while
still preserving single-cell resolution.

The second layer captures chromatin accessibility, measured by the single-cell
Assay for Transposase-Accessible Chromatin sequencing (scATAC-seq). Chromatin is
essentially DNA wrapped around histone proteins, and its accessibility depends on
how tightly it is packaged: tightly packed regions are hidden from the transcriptional
machinery, whereas loosely packed regions are exposed [16].

scATAC-seq identifies these open regions by sequencing short DNA fragments ex-
tracted from accessible chromatin, revealing which regions are accessible. These open
regions typically correspond to active cis-regulatory elements where transcription factors
can bind.

In practice, scATAC-seq data is represented as a chromatin accessibility matrix,
where columns correspond to accessible genomic regions (called peaks) and rows corre-
spond to individual cells.

These peaks are identified by first pooling the sequencing fragments from all cells,
then running a peak-calling algorithm such as MACS3 [17], which scans the genome
and flags regions where fragments pile up significantly more than expected by chance,
indicating that those regions are consistently accessible across cells. Each entry in the
matrix then contains raw counts corresponding to the number of sequencing fragments
overlapping a given peak in a specific cell. As a result, peaks with higher accessibility
tend to accumulate more fragments across cells, reflecting their regulatory activity in a
given cellular context.

Both matrices are then processed differently depending on the gene regulatory
network inference method. However, common preprocessing steps are applied to both.

Low-quality features and cells are first removed: genes or peaks detected in very few
cells are discarded, and cells expressing only a small number of features are removed
as well. The remaining count matrices are then normalised to account for differences
in sequencing depth across cells. In scRNA-seq, sequencing depth refers to the total
number of RNA molecules captured per cell, while in scATAC-seq it corresponds to the
total number of sequencing fragments per cell.

After normalisation, both matrices are log-transformed to stabilise variance and
reduce the influence of highly expressed genes or highly accessible peaks. To reduce
dimensionality, only the most informative features are retained: the top highly variable
genes for RNA and the top highly variable regions for ATAC. Finally, only cells present
in both modalities are kept, ensuring that each cell has paired RNA and ATAC mea-
surements.

In summary, scRNA-seq quantifies the expression of both TFs and their target genes
(TGs), while scATAC-seq reveals the active regulatory regions where regulation takes
place. Combining the two provides the information needed to reconstruct TF–CRE–TG
triplets and infer GRNs, with the assumption that true regulatory interactions can be
observed in molecular data [2].

4



1.4 GRNs as a Tool for Drug Discovery
GRNs are highly useful in drug discovery, where the goal is to identify drug targets:
proteins (such as TFs) whose activity can be modulated to restore a healthy gene
expression state in diseased cells. Many diseases are fundamentally disorders of gene
regulation: genetic4 and epigenetic5 alterations dysregulate transcription factors and
their downstream targets, producing aberrant protein activity that drives pathological
cell states.

Cancer is a telling example: Gonda and Ramsay argue that the dysregulation of key
transcriptional regulators not only defines the cancer phenotype6 but is essential for its
development and maintenance [21], making TFs particularly compelling therapeutic
candidates.

In practice, identifying such targets is extremely challenging: only 10% of drug
candidates entering clinical trials will reach the market, primarily due to lack of efficacy
and toxicity [22], reflecting the complexity of diseases and the difficulty of identifying the
right target [23]. Systematic characterisation of the regulatory landscape through GRNs
can help address this: by revealing which TFs and CREs control a disease-relevant gene,
GRNs provide mechanistic evidence that a candidate target is genuinely embedded in
the pathological regulatory programme, rather than merely co-expressed with disease
markers.

The topology of a GRN can be exploited in several complementary ways for drug
discovery. First, hub identification highlights TFs that act as master regulators: highly
connected nodes that control the expression of large sets of target genes. Such master
regulators have proven to be valuable therapeutic targets: the core regulatory circuitry
of lineage-specific TFs7 is hijacked during oncogenesis8, resulting in cancer cell fate
being maintained by these same factors [24], making them attractive candidates for
therapeutic disruption.

Second, differential network analysis compares GRNs across conditions, between
healthy and diseased states, or before and after treatment, and exposes the regulatory
rewiring events that distinguish one biological state from another. This is particularly
relevant for understanding treatment resistance, where regulatory programmes reorgan-
ise to bypass targeted therapies [23].

Finally, GRNs enable in silico perturbation: by changing the expression of a candidate
TF and propagating the effect through the network, one can simulate how its target
genes would respond [2, 25], allowing researchers to rank and prioritise candidate targets
before committing to experimental validation.

4Genetic alterations refer to permanent changes in the DNA sequence itself, such as mutations [18].
5Epigenetic alterations are changes in gene expression that occur without modification of the

underlying DNA sequence, driven by environmental factors or cellular context [19].
6Observable characteristics of cancer cells, including uncontrolled proliferation or invasion of

surrounding tissues [20].
7TFs whose expression is restricted to a particular cell type.
8Process by which normal cells transform into cancer cells through the accumulation of genetic and

epigenetic alterations.
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2. State of the Art

2.1 From Bulk to Single-Cell Multi-Omics
Chapter 1 introduced GRNs as networks inferred from single-cell multi-omics data,
but this has not always been the case. GRN inference has evolved hand in hand with
sequencing technologies, and the single-cell matched paradigm is only the most recent
stage of a longer progression. Figure 2.1 illustrates this parallel development.

technologies, including the underlying theoretical foundations for
GRN inference that are commonly employed. For a more
comprehensive overview, readers are encouraged to read
previous reviews that have extensively covered earlier GRN
inference methods5,24–26. Thus, we provide a detailed review of
recent methods that reconstruct GRNs using single-cell paired
multi-omic data, including their strengths and potential limita-
tions. Finally, we discuss the current challenges of GRN inference
methods and the potential directions that we hope will inspire
future method development in this field.

METHODOLOGICAL FOUNDATIONS OF GRN INFERENCE
GRN inference relies on statistical and algorithmic principles to
uncover regulatory connections between genes and their
regulators. By leveraging various techniques such as correlation,
regression, probabilistic models, dynamical systems and deep
learning (Fig. 2), researchers can effectively model and infer
regulatory architectures underlying biological systems. Here, we
briefly discuss the frequently used statistical approaches and the
underlying assumptions of the current GRN inference methods for
paired multi-omic data.

Correlation-based approaches
One of the most common approaches for reconstructing GRNs is
motivated by the concept of “guilt by association”. In other words,
genes that are co-expressed are assumed to be functionally
related or co-regulated. For example, the co-expression of a TF
and its putative target gene may suggest a regulatory relationship
between the two. Similarly, CREs and their target genes can be

determined by correlating the accessibility of CREs and expression
levels of putative target genes. Commonly used measures of
association include the parametric Pearson’s correlation and the
non-parametric Spearman’s correlation, which can capture linear
and nonlinear associations respectively (Fig. 2). Linear correlation
can effectively detect relationships where an increase in TF
expression or CRE accessibility leads to a proportional change in
gene expression. However, nonlinear correlation can capture more
complex relationships, which may better recapitulate the regula-
tory interactions between TFs, CREs and genes27. Other
approaches include mutual information, a non-parametric method
based on information theory, which measures the dependence
between two variables8.
While correlation analysis may provide valuable insights into

potential regulatory relationships, it is important to note that
correlation alone has clear limitations. For example, correlation
cannot identify which is the regulator and target if the expression
levels of two TFs are correlated, nor exclude the possibility of their
regulation by a third TF. Furthermore, the correlation measure will
have difficulty in distinguishing direct or indirect relationships,
including when confounders may be present. However, incorpor-
ating information from other modalities, such as ATAC-seq, holds
the potential to alleviate these limitations as they provide
additional evidence that a directional relationship between a
regulator and downstream target gene exists, i.e., TF must bind to
an accessible region of chromatin to regulate its target gene.

Regression models
Regression offers an approach to capture the relationship
between a response variable with multiple predictor variables. In
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Fig. 1 Schematic illustration of the parallel development and evolution of GRN inference and sequencing technologies. Initially, bulk
sequencing technologies provided insights into regulatory interactions at the tissue level but were limited in capturing cellular heterogeneity.
The emergence of single-cell technologies revolutionized the field, enabling the inference and reconstruction of cell type-specific gene
regulatory networks. The advancements in sequencing technologies now allows for the multi-omic profiling of cells, offering a remarkable
opportunity to precisely capture and integrate diverse molecular signals within the same cell, as shown in the cell furthest to the right of
Fig. 1. Importantly, each sequencing technology possesses its own unique data structure and characteristics. For example, data of unmatched
modalities do not share identical dimensions, as the cells and features, including their respective numbers, differ between each modality.
Consequently, integration methods are required to map cells and features into a common space prior to GRN inference. In contrast, matched
multi-modal data do not require data integration as the different modalities are captured within the same cell, which minimizes noise and
thus improves the quality and accuracy of GRN inference. As a result of the developments in sequencing technologies and data structures,
more accurate and comprehensive regulatory networks may be reconstructed. It is important to note that not all single-cell GRN methods
reconstruct cell type or state-specific regulatory networks but instead take advantage of additional omics layers to better represent regulatory
network architectures.
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2.1.1 Bulk transcriptomics
The earliest GRN inference methods operated on bulk RNA-seq data (Figure 2.1, first
column), where gene expression is averaged across millions of cells from a tissue sample.
The central idea was guilt by association: transcription factors and target genes that
are co-expressed across samples are assumed to be functionally linked. While this
produced the first large-scale regulatory networks, the approach suffered from two
fundamental limitations. First, averaging over a heterogeneous cell population erases
all cell-type-specific regulatory information. Second, transcriptomics data captures
only RNA abundance, missing the chromatin accessibility layer that reveals whether
transcription can occur at all.
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2.1.2 Bulk multi-omics
Integrating chromatin accessibility data (ATAC-seq) alongside RNA-seq (Figure 2.1,
second column) addressed the second limitation. Regulatory interactions could now
be anchored to accessible genomic regions, introducing a mechanistic constraint: a TF
must bind to an open CRE to regulate its target gene. This enabled the inference of TF–
CRE–TG triplets rather than simple co-expression links. However, since measurements
still aggregate all cells in the tissue, the core problem of cellular heterogeneity remained
unsolved.

2.1.3 Single-cell multi-omics
Single-cell sequencing technologies (Figure 2.1, two last columns) resolved the hetero-
geneity problem by profiling gene expression and chromatin accessibility at single-cell
resolution, enabling more accurate and comprehensive GRN inference [3]. Profiling both
modalities within the same cell, as enabled by technologies such as 10x Multiome [26],
ensures they share the same cell barcodes, avoiding the need for cross-modal alignment1.
The methods reviewed in this chapter span both multimodal approaches2 that take
such paired data as input, and unimodal approaches3 that operate on a single modality.

2.2 Classes of GRN inference methods
GRN inference methods can be divided into four main classes (Appendix A.1). Correlation-
based methods identify regulatory relationships by measuring the co-variation between
TF expression, CRE accessibility, and gene expression across cells. Regression-based
methods model gene expression as a function of multiple regulators simultaneously. Dy-
namical systems methods capture how gene expression changes over time as a function
of regulatory inputs and stochastic effects. Finally, deep learning methods use neural
networks to learn complex, non-linear relationships between TFs, CREs, and genes.

In addition to these four inference-based classes, literature-derived resources such as
DoRothEA [27] and CollecTRI [28] provide pre-compiled TF–gene interaction networks
assembled from curated databases, and serve as prior knowledge baselines.

2.2.1 Correlation-Based Methods
Correlation-based methods are the most direct approach to identifying regulatory re-
lationships: a TF and a target gene are assumed to interact if their expression levels
co-vary consistently across cells, and similarly a CRE is linked to a gene if its accessibility
correlates with that gene’s expression. These methods are straightforward to interpret,
but correlation alone has clear limitations. It cannot distinguish direct regulation from
indirect co-regulation by a third factor, nor determine which variable is the regulator
and which the target. Incorporating chromatin accessibility as an additional modality

1The task of matching cells across two separately profiled datasets. Since the cells in each experiment
are different, algorithms must infer which RNA cell corresponds to which ATAC cell based on shared
biological signals.

2CellOracle, DeepMAPS, Dictys, FigR, GRaNIE, LINGER, Pando, SCENIC+.
3CollecTRI, DoRothEA, SCENIC.
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partially addresses this, since requiring a TF to bind an accessible CRE near its target
gene introduces a directional filter on top of the statistical association [3].

Pearson and Spearman correlations are the most commonly used, detecting lin-
ear and non-linear relationships respectively. As an example, FigR [29] (Figure 2.2)
uses Spearman correlation to identify genes whose expression co-varies with many
surrounding CREs, called domains of regulatory chromatin (DORCs). A DORC re-
flects a gene governed by multiple enhancers, each contributing to its regulation. TFs
are then assigned to each DORC by scanning its accessible regions for known bind-
ing motifs4, linking a TF whenever its motif is enriched in the associated open chromatin.

Figure 2.2: Schematic of FigR. From [3].

2.2.2 Regression-Based Methods
Regression-based methods model gene expression as a function of multiple regulators
simultaneously. The expression of a target gene is treated as the response variable,
predicted from the expression of candidate TFs and the accessibility of nearby CREs as
predictor variables. Since gene expression is typically shaped by the combined effect of
multiple regulators, this joint modelling captures regulatory relationships that pairwise
correlation approaches cannot detect. The sign of each coefficient further indicates
the direction of each regulatory interaction. Linear regression captures proportional
relationships, while non-linear variants such as gradient boosting can model more
complex regulatory dependencies [3].

SCENIC+ [30] (Figure 2.3) illustrates this approach. It first identifies candidate
enhancers from scATAC-seq data using pycisTopic5, which extracts co-accessible genomic
regions across cell types. TF binding motifs are then identified within these regions
using pycisTarget6, producing TF cistromes: the set of regions bound by each TF.

GRNBoost2 [31] then scores both CRE–TG and TF–TG importance using gradient
boosting regression. Combining TF cistromes with CRE–TG links yields candidate
TF–CRE–TG triplets, and TF–TG importance scores serve as a co-expression filter to
keep only the best links, producing the final enhancer-driven regulons (eRegulons).

4DNA sequences where transcription factors can bind to drive gene regulation, usually represented
as nucleotide patterns [2].

5https://github.com/aertslab/pycisTopic
6https://github.com/aertslab/pycistarget
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Figure 2.3: Schematic of SCENIC+. From [3].

2.2.3 Dynamical Systems Methods
Dynamic GRN inference methods model gene regulation as a process that evolves over
time, capturing temporal changes in regulatory interactions and gene expression.

Dictys [32] (Figure 2.4) first identifies TF–CRE links using TF footprints7 and motif
enrichment8 on chromatin accessibility data. Only TFs whose footprints fall near a given
gene are retained as its candidate regulators, constraining the subsequent inference
step. Gene expression is then modelled as a stochastic differential equation combining
the regulatory contributions of these candidate TFs and a noise term accounting for
biological stochasticity. The fitted coefficients quantify how the expression of each TF
drives changes in target gene expression, yielding the final GRN.

Figure 2.4: Schematic of Dictys. From [3].

2.2.4 Deep Learning Methods
Deep learning methods use neural networks that can learn complex, non-linear relation-
ships between TFs, CREs, and genes directly from the data. We only provide a brief
overview here since both methods will be detailed in the following chapters.

DeepMAPS [4] (Figure 2.5) processes gene expression and chromatin accessibility
through a heterogeneous graph transformer, which jointly learns cell and gene embed-
dings. These embeddings are used to cluster cells and extract gene modules, from which
TF–TG regulatory links are inferred to produce cell-type-specific GRNs.

7Precise regions of active TF binding within open chromatin peaks, identified by a localised drop in
the accessibility signal where a bound TF physically shields the underlying DNA [33].

8The detection of overrepresented TF binding motifs within a set of regulatory regions of interest
used to identify which TFs may be directly regulating those regions [34].
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LINGER [35] trains one neural network per gene to predict its expression from TF
expression and chromatin accessibility, first on atlas-scale bulk data and then refined on
single-cell data. The network weights and Shapley values are then extracted to derive
TF–CRE, CRE–TG and TF–TG regulatory scores.

Figure 2.5: Schematic of DeepMAPS and LINGER. From [3].
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3. LINGER

3.1 Introduction
LINGER (LIfelong Neural network for GEne Regulation) is a framework for inferring
gene regulatory networks from single-cell multi-omics data [35]. It leverages atlas-scale
bulk data from the ENCODE project [36] and TF binding motif databases as prior
knowledge. LINGER first constructs a general GRN from bulk data, then refines it into
a cell population GRN using the single-cell data, which can be further specialised to
obtain cell type-specific GRNs.

3.2 Priors
To incorporate prior knowledge from atlas-scale external data, LINGER is pre-trained
on 201 paired bulk RNA-seq and ATAC-seq samples from the ENCODE project,
spanning diverse human cell types and tissues. For each target gene i, an individual
neural network is trained to predict its expression from the expression of TFs and
the chromatin accessibility of CREs within 1 Mb1 of its transcription start site (TSS)
(Figure 3.1). These networks are collectively referred to as BulkNN.

In addition, LINGER incorporates prior knowledge of TF–CRE binding from curated
databases2, encoded as a motif binding affinity matrix B where Btk denotes the binding
affinity of TFt at CREk.

3.3 Preprocessing

LINGER takes two count matrices as input: E ∈ RI×J , representing expression levels
for I genes across J cells, and O ∈ RK×J , representing chromatin accessibility for K
peaks across the same J cells, together with cell type annotation. Because single-cell
data is often noisy and highly sparse, cells are grouped into metacells that aggregate
signals from multiple cells, making the signal more robust.

11 megabase (Mb) = 106 base pairs. This window captures the CRE–gene interactions based on
their genomic proximity.

2Including JASPAR [37], TRANSFAC [38], UniPROBE [39], and Taipale [40].
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The pseudo-bulking works as follows. From E and O, principal component analysis
(PCA) is performed to obtain two different low-dimensional embeddings for each cell
(one derived from E and the other from O). These embeddings are combined to form a
joint representation of each cell. A k-nearest neighbour (KNN) graph is then built to
group similar cells together.

Metacells are constructed separately for each cell type by randomly sampling a set of
cells as aggregation anchors. For each sampled anchor cell j, the corresponding metacell
profile is obtained by aggregating the raw counts of all cells in its KNN neighbourhood.
This yields the metacell matrices E ′ and O′, containing M metacells instead of the
original J cells.

The rest of the preprocessing consists in creating inputs ready for neural network
training. Peaks in O′ are matched against reference peaks (a consensus chromatin
accessibility map derived from the atlas-scale bulk data), inheriting the peak-to-gene
associations already established for those reference peaks. Each matched peak is assigned
to every gene whose TSS lies within 1 Mb of that peak. Genes in E ′ are filtered to keep
only those present in the bulk reference, and TFs are restricted to those expressed in
the data. This defines, for each gene, the set of TFs and CREs that will form the input
nodes of its corresponding neural network (Figure 3.1).

3.4 Training
The cell population GRN is constructed by training one network per gene on single-cell
data using elastic weight consolidation (EWC) [41], with the BulkNN as a regularisation
target. Each gene network is randomly initialised and trained with a loss including an
EWC penalty and a manifold regularisation term.

The EWC penalty constrains the first-layer weights to remain close to the BulkNN
weights, preventing excessive drift and ensuring stable learning while allowing adaptation
to single-cell-specific signals.

The manifold regularisation, built from the motif binding affinity matrix B, en-
courages the first-layer embeddings of TFs and CREs to be similar when their motif
binding affinity is high, guiding the network toward regulatory modules in which TFs
are co-clustered with the CREs they are known to bind.

After training, regulatory scores are extracted from the networks: the TF–CRE
binding strength α is derived from the cosine similarity between first-layer embeddings
of TFs and CREs, while the cis-regulatory strength β (CRE–TG) and trans-regulatory
strength γ (TF–TG) are obtained by averaging the absolute Shapley values3 of CRE
and TF inputs respectively, across all metacells.

3Shapley values quantify the contribution of each feature (TF and CRE) to each gene’s prediction
[42]
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Figure 3.1: LINGER per-gene neural network architecture. Each gene i has its
own network taking TF expression and CRE chromatin accessibility within 1 Mb of its
TSS as input. Inputs correspond to a single observation (a tissue sample for BulkNN
pre-training, or a metacell for single-cell fine-tuning). After training, regulatory scores
α, β and γ are extracted from the network weights and Shapley values .

3.5 Outputs
From the cell population GRN, cell type-specific GRNs are obtained by reweighting α,
β, and γ using cell type-specific measurements, such as average chromatin accessibility
Ō(c) and average gene expression Ē(c) within each cell type c. Equations (3.1), (3.2)
and (3.3) are taken from the LINGER paper [35] and reflect the implementation in the
released code4.

The TF–CRE binding score αtk is updated by incorporating the mean accessibility
of CREk, the mean expression of TFt, and the motif binding affinity prior Btk:

TFB
(c)
tk = Ō

(c)
k · (αtk + Btk) · Ē

(c)
t (3.1)

The cis-regulatory strength βik is similarly reweighted, with the addition of a distance
decay term reflecting the diminishing influence of distal regulatory elements:

CRP
(c)
ik = βik · Ō

(c)
k · Ē

(c)
i · e

− dik
d0 (3.2)

4https://github.com/Durenlab/LINGER/tree/main
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The trans-regulatory strength γit scales the cumulative effect of all CREs k within
1 Mb of TGi’s TSS, the set Si:

TRP
(c)
it = γit

∑
k∈Si

TFB
(c)
tk · CRP

(c)
ik (3.3)

A TF therefore strongly regulates a gene in cell type c if it binds accessible CREs
near that gene and those CREs drive its expression.

3.6 Baseline version
LINGER also provides a baseline version that skips neural network training on single-cell
data entirely. The population GRN is constructed directly from the pre-computed
bulk prior matrices, and the single-cell data is used only as a feature mask (restricting
to genes, TFs and reference peaks present in the user dataset). When deriving cell
type-specific GRNs, the regulatory topology remains fully determined by the bulk prior,
but the strengths are further adapted through cell type-specific scaling by Ō(c) and Ē(c).

3.7 Transcription Factor activity

From the trans-regulatory strength γ ∈ RI×T for T TFs, and the RNA expression
matrix E ∈ RI×J for J cells, where I is the number of genes common to both matrices,
LINGER infers TF activity at single-cell resolution by measuring how strongly each
TF’s target genes are expressed in each cell, relative to a null expectation.

The expression matrix E is first normalised such that each cell’s expression values
sum to one, then quantile-normalised: for each gene, cells are ranked by expression
level, and each cell’s expression is replaced by the mean expression across all genes at
the same rank position. This makes expression levels comparable across genes, without
distorting their relative patterns across cells.

An expected trans-regulatory matrix Eexp ∈ RI×T is constructed from γ as a null
model, capturing the baseline co-activity expected from the marginal regulatory strength
of each gene and TF alone, independently of their specific pairings. This allows the final
activity score to reflect only the signal that exceeds what would be expected by chance.

This is achieved by summarising γ into gene-wise and TF-wise marginal regulatory
strengths. The vector r ∈ RI denotes the gene-wise marginal regulatory strength
obtained by summing regulatory weights across all TFs for each gene, and the vector
c ∈ RT denotes the TF-wise marginal regulatory strength obtained by summing
regulatory weights across all target genes for each TF. The total regulatory mass,
defined as Z = ∑

i,t γit, is used to normalise the expected regulatory matrix:

Eexp = rc⊤

Z
(3.4)
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The observed and expected TF activities are computed by projecting the regula-
tory network onto gene expression E, i.e., by aggregating the expression of TF target
genes in each cell according to γ for the observed signal and Eexp for the expected signal.

Aobs = γ⊤E

Aexp = (Eexp)⊤ E
∈ RT ×J (3.5)

Finally, the TF activity matrix A ∈ RT ×J is defined as a normalised enrichment
that quantifies, for each transcription factor and each cell, the deviation of the observed
regulatory signal from its expected value under the null model:

A = Aobs − Aexp

Aexp
(3.6)

3.8 Parallelisation
LINGER processes chromosomes sequentially throughout preprocessing, training and
GRN construction. The latter refers to the post-training extraction of the three
regulatory score matrices α, β and γ from the trained networks. Since chromosomes
are independent from one another5, we parallelised the chromosome-level loops using
Joblib6. Figure 3.2 summarises the speedups on a 24-CPU / 128 GB cluster (4 runs
each, original vs. parallel) on the PBMC dataset [43] (Appendix A.2).

3.8.1 Preprocessing and training
In preprocessing, peaks are intersected per chromosome with the reference peak set to
identify which user peaks overlap with known regulatory regions and inherit their gene
associations. These independent intersections are dispatched in parallel with 8 workers;
beyond 8, contention dominates and the speedup degrades. Preprocessing is light, so
the gain is modest (×1.8). Training is parallelised across chromosomes with

njobs = max
(

1, min
(⌊

RAMfree

5

⌋
, ncpus, 23

))
(3.7)

which reflects the ∼ 5 GB per worker needed to hold the pre-trained networks, the
available CPU count, and the fact that there are only 23 chromosomes. This yields the
largest speedup (×8.3), at the cost of peak memory rising from 66 GB (original version)
to 120 GB (parallel version).

5The per-chromosome prior files, pre-trained networks and Shapley values are all chromosome-
stratified; the only cross-chromosome operation is the final concatenation of outputs.

6Python library for efficient parallel computing: https://joblib.readthedocs.io/en/latest/
parallel.html
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3.8.2 GRN reconstruction
All three steps detailed here are parallelised across chromosomes, each chromosome being
processed independently before concatenating the results. For α, cosine similarities
between TF and CRE first-layer embeddings are computed and aggregated into a
TF–CRE matrix per chromosome.

This is the most expensive of the three steps, yielding a ×6.5 speedup. For β and γ,
the Shapley values previously computed for each gene-specific network are loaded per
chromosome; for each gene, the contributions of CRE and TF inputs are read off to give
β and γ respectively. Because the computationally heavy part has already occurred
during training, the gains are smaller: ×4.6 for β and ×5.5 for γ.
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Figure 3.2: Benchmark of LINGER parallelisation on the PBMC dataset .

All improvements described above have been integrated into the LINGER repository7.

7https://github.com/Durenlab/LINGER/pull/75
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4. DeepMAPS

4.1 Introduction
DeepMAPS (Deep learning-based Multi-omics Analysis Platform for Single-cell data) is
a framework for inferring cell-type-specific gene regulatory networks from single-cell
multi-omics data [4]. It jointly processes gene expression and chromatin accessibility
matrices through a heterogeneous graph transformer (HGT), which learns embeddings
and attention scores for both genes and cells. Cells are first clustered using the HGT
embeddings, and gene modules are then extracted per cluster. Transcription factor
regulons1 are finally inferred from these modules, producing GRNs that are inherently
specific to each cell type.

Equations (4.1), (4.2), (4.4), (4.6) and (4.8) are taken from the DeepMAPS paper
[4] and reflect the implementation in the released code2.

4.2 Preprocessing

DeepMAPS takes as input a gene expression matrix XR ∈ RI×J and a chromatin
accessibility matrix XA ∈ RK×J . XR stores the expression of I genes across J cells,
while XA stores the accessibility of K chromatin peaks across the same cells. The HGT
trains on a single gene activity score (GAS) matrix XG ∈ RI×J , derived from the two
matrices above. XG is constructed as follows.

First, peaks in XA are linked to their neighbouring genes through a gene-peak
regulatory potential matrix W ∈ RI×K , whose entries wik encode the influence of peak
k on gene i based on their genomic proximity. The gene regulatory potential matrix
XA′ ∈ RI×J is then obtained by weighting each peak’s contribution by its accessibility
and summing over all peaks near gene i:

xA′

ij =
∑

k

wik · xA
kj (4.1)

The GAS matrix XG is constructed by weighting XA′ and XR according to RNA
velocity, which reflects the ratio of unspliced to spliced mRNA. Unspliced mRNA is a
nascent transcript that has not yet been processed, while spliced mRNA is the mature
form ready for translation; a high ratio of unspliced to spliced therefore indicates that

1group of genes regulated by the same transcription factor.
2https://github.com/OSU-BMBL/deepmaps
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a gene is being actively transcribed [44]. If the velocity is positive, the gene has a
high level of unspliced RNA, indicating active transcription; chromatin accessibility is
therefore more informative and is upweighted. If the velocity is negative, transcription
is declining and gene expression is more relevant; chromatin accessibility is consequently
downweighted.

4.3 Training

Hereafter, XG is referred to as X ∈ RI×J : the integrated matrix containing combined
activity of gene i in cell j.

4.3.1 Initial embeddings
In X, cells and genes lie in high-dimensional spaces of dimension I and J , respectively.
Two MLP autoencoders3 (AE) are used to learn their initial embeddings: the cell
autoencoder takes each column of X (the expression profile of all I genes in each cell)
as input, and the gene autoencoder takes each row (the expression of each gene across
all J cells).

Each autoencoder is a feedforward neural network that compresses its input vector
x into a latent embedding z ∈ R256 via an encoder, then reconstructs x̂ from z via a
decoder. The network is trained by minimising ∥x − x̂∥2, forcing z to retain only the
most informative structure of the input.

4.3.2 Heterogeneous graph transformer model
From the integrated matrix X, we construct a bipartite heterogeneous graph G in
which the nodes represent either cells or genes. A link between cell j and gene i exists
whenever the gene is active in the cell, i.e. xij > 0. The initial node embeddings
H0 ∈ RN×d are learned with the two AEs described above, where N is the total number
of nodes (cells and genes) and d is the embedding dimension.

The graph G is then passed to pyHGT [45], a graph neural network framework
designed for heterogeneous graphs. Each node updates its embedding by aggregating
information from its neighbours, weighting the contribution of each neighbour with
attention scores. The model outputs final embeddings for both cells and genes, along
with attention scores on edges that quantify the importance of each gene–cell interaction.

4.3.3 Embedding update process
The model is built from L stacked HGT layers. Figure 4.1 illustrates a single such layer.
At each layer, every node is treated in turn as a target (red circle) and its embedding
is updated by aggregating messages from its 1-hop neighbours, which act as sources
(black circles).

3A Multi-Layer Perceptron (MLP) is a feedforward neural network of stacked linear layers with
non-linear activations. The cell and gene autoencoders use symmetric architectures I → 512 → 256 →
512 → I and J → 512 → 256 → 512 → J , respectively, with ReLU activations throughout.
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Additional benchmarking experiments were carried out to justify
the selection of different integration methods in DeepMAPS. Specifi-
cally, for the analysis of scRNA-ATAC-seq data, we designed an inte-
grationmethodusing gene velocity to balance theweight between gene
expressions andchromatin accessibilities in characterizingcell activities
and states (Methods). This integration process can ensure harmonizing
datasets (especially for multiple scRNA-seq data) and generate an

integratedmatrix (with genes as rows and cells as columns) as the input
for HGT. Our results showed that, for benchmark data 1 and 2 (A-bench-
1 and −2), the velocity-based approach showed significantly (p-value
<0.05) higher ASW scores than the weighted nearest neighbor (WNN)
approach in Seurat v 4.0 on all grid-search parameter combinations
(Supplementary Fig. 4 and Source Data 4). We reason that with the
inclusion of velocity information, the modality weight between gene

G
en

e

Cell

Preprocessing Data 
integration

Network 
inference

Input Clustering
The HGT 
framework

Cell

1
ytilado

M
2

ytilado
M

Loss

Graph autoencoder

Cell 
clusters

Biological gene 
networks

G
en

es

C
el

ls

Embeddings

Embeddings

Whole graph testing

Subgraph model training
Epoch 1

Subgraph_1

Subgraph_2

Subgraph_50

Epoch 2

Subgraph_1

Subgraph_2

Subgraph_50

Epoch 100

Subgraph_1

Subgraph_2

Subgraph_50

a

b

c

s2

s1
t

Multi-head

Message passing Target aggregation

H=3

Query

Key

Value 
projection

Key

Value 
projection

W ATT

W ATT

W MSG

W MSG

Node 
softma

x

ReLUAtt(s1, t)

Att(s2, t)

Mutual attention

An HGT layer

G
en

e

Cell

Preprocessing Data 
integration

Network 
inference

Input Clustering
The HGT 
framework

Cell

1
ytilado

M
2

ytilado
M

Loss

Graph autoencoder

Cell 
clusters

Biological gene 
networks

G
en

es

C
el

ls

Embeddings

Embeddings

Whole graph testing

Subgraph model training
Epoch 1

Subgraph_1

Subgraph_2

Subgraph_50

Epoch 2

Subgraph_1

Subgraph_2

Subgraph_50

Epoch 100

Subgraph_1

Subgraph_2

Subgraph_50

a

b

c

s2

s1
t

Multi-head

Message passing Target aggregation

H=3

Query

Key

Value 
projection

Key

Value 
projection

W ATT

W ATT

W MSG

W MSG

Node 
softma

x

ReLUAtt(s1, t)

Att(s2, t)

Mutual attention

An HGT layer

Article https://doi.org/10.1038/s41467-023-36559-0

Nature Communications |          (2023) 14:964 3

Figure 4.1: Single HGT layer: per-node embedding update via multi-head attention.
From [4].

The upper panel shows that this process is applied to every node in the graph,
producing updated embeddings Hl from the previous layer’s embeddings Hl−1.

The bottom panel details the update for a single target node t with two source
neighbours s1 and s2. Each node carries an embedding from the previous layer Hl−1,
represented as coloured rectangles. The model uses multi-head attention with H heads,
each in its own lower-dimensional subspace of size dh = d/H, allowing different heads
to capture different interaction patterns simultaneously.

For each head, three vectors are derived from the current embeddings through
learned linear projections: a query from the target node, and a key and value from each
source node. These projections are learned weight matrices that map node embeddings
into the attention subspace of dimension dh. They are node-type specific, so cells and
genes use different matrices, allowing each modality to be encoded in its own way. The
key of each source and the query of the target are compared via a scaled dot product,
modulated by W AT T , a learned matrix that makes the score sensitive to the types of
both nodes. The resulting scores are normalised across all neighbours with a softmax,
yielding the attention coefficients Att(s1, t) and Att(s2, t).

Each source then sends a message to the target by passing its value through a
message matrix W MSG, which adapts the message to the type of the target node, before
weighting it by the corresponding attention coefficient. The weighted messages from
all sources are summed, concatenated across all H heads, passed through a ReLU
non-linearity, and finally combined with the target node’s previous embedding Hl−1[t],
yielding the updated embedding Hl[t] ∈ Rd.
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4.3.4 Attention scores

After the final layer L, the per-head attention coefficients Atth(i, j) associated with
each gene–cell edge are aggregated into a single scalar by computing their ℓ2 norm
across heads:

ai,j =

√√√√ H∑
h=1

(
Atth(i, j)

)2
(4.2)

These scores ai,j quantify the importance of gene i to cell j and are reused downstream
when building cell-type-specific gene modules.

4.3.5 Loss
The HGT is trained following the same autoencoder principle described in Section 4.3.1:
the input is the integrated matrix X, which the model attempts to reconstruct. The
encoder produces final embeddings HL through L transformer layers, and the decoder
reconstructs X via an inner product between the final embeddings of gene i and cell j:

x̂ij = HL[i]⊤ HL[j] (4.3)

where x̂ij is the predicted activity of gene i in cell j. The model is trained by
minimising the Kullback–Leibler divergence, a measure of how much one probability
distribution differs from another [46], between the reconstructed and original matrices.

Both matrices are first normalised with a softmax along the cell dimension, so that
for each gene, activity scores across cells form a probability distribution summing to
one. The KL divergence then compares how well the predicted distribution of activity
across cells matches the observed one:

loss = KL
(
softmax(X̂), softmax(X)

)
(4.4)

4.4 Outputs

4.4.1 Cell clustering
The final cell embeddings produced by the HGT are used for cell clustering. A k-
nearest-neighbour (KNN) graph is first constructed in the HGT embedding space
using cosine distance, connecting each cell to its k = 20 closest neighbours. A shared
nearest-neighbour (SNN) graph is then derived from the KNN graph, by weighting each
edge between cells j1 and j2 according to the size of their shared neighbourhood:

wj1, j2 = |N (j1) ∩ N (j2)|
|N (j1) ∪ N (j2)|

(4.5)

Biologically similar cells (for example cells of the same type) tend to share many
neighbours, so this step sharpens cluster boundaries compared to a KNN graph. The
Louvain algorithm [47] is then applied to the SNN graph, yielding the final cell clusters
used in the subsequent step.
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4.4.2 Functional gene modules
This step builds cell-type-specific gene modules by solving a Steiner Forest Problem
(SFP) on a graph combining HGT attention scores and gene embeddings. Cells and
genes are its nodes, and two types of edges are built.

Gene-cell edges are derived from the attention scores: for each cell j, only genes
i with strong attention to that cell are kept, i.e. aij > µj + σj, where µj and σj are
the mean and standard deviation of the attention scores received by cell j from all its
neighbouring genes. Gene-gene edges are derived from the gene embeddings: two genes
are connected if the Pearson correlation between their embeddings exceeds 0.5. Edge
weights are then inverted so that strong biological signal corresponds to low cost.

The goal is to identify, for each cluster, a small set of genes collectively relevant to
all its cells. This is achieved by seeking a minimum-cost subgraph that connects all
cells within each cluster. Cells of cluster z are terminals (must-cover nodes) and genes
are Steiner nodes (optional bridges), retained only if they help connect terminals at
lower cost. A gene surviving in cluster z’s tree necessarily bridges at least two cells;
genes connecting to only one cell are pruned. The genes retained in each cluster’s tree
define its co-active module coz.

Since the SFP is NP-hard, an approximation is used in two steps. First, the gene-cell
edges are sparsified by iterative maximum bipartite matching on the original (non-
inverted) weights: in each iteration, the strongest available gene-cell links are selected
such that no gene or cell appears more than once in that iteration’s matching. Covered
cells leave the pool and the process repeats on the remaining uncovered cells. As a
result, each cell accumulates exactly one gene-cell edge, while the same gene can be
matched to different cells across iterations, accumulating several gene-cell edges. Any
cell still uncovered after all rounds is assigned its single strongest gene-cell edge as a
fallback. Edge weights are then inverted and merged with the gene-gene edges.

Second, for each cluster, a minimum spanning tree is computed on the induced
subgraph consisting of the cluster’s cells, their associated genes from the sparsified
gene–cell edge set, and all gene–gene edges connecting those associated genes.

This yields one co-active module coz per cluster, comprising genes with high attention
scores towards that cluster’s cells and high mutual correlation in embedding space.

4.4.3 From gene modules to regulons
For each cluster z, its gene module coz is used to infer a set of TF regulons: groups
of genes from coz controlled by the same transcription factor. This produces, for each
cluster, a list of TFs together with their target genes, forming the TF–TG links that
constitute the cell-type-specific GRN. This inference is performed in three steps.

First, the gene–peak regulatory potential matrix W , where wik denotes the reg-
ulatory potential weight of peak k for gene i, is restricted to genes whose promoter
region contains at least one accessible ATAC peak. To this end, for each gene in W ,
the genomic window spanning 2 kb upstream of the gene body is derived from the
Ensembl annotation database [48] and intersected with the ATAC peak coordinates in
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the chromatin accessibility matrix XA. Genes with no overlapping peak are removed,
since a transcription factor can only regulate a gene if its promoter region is accessible.
For simplicity, we continue to denote the restricted matrix by W .

Second, candidate TFs for each cluster are identified by linking the genes of coz to
their accessible peaks and querying which TFs bind those peaks. For each gene i in
coz, the peaks k with a non-zero regulatory potential weight wik in W are retained.
These peaks are then intersected with JASPAR’s database: a genome-wide catalogue
of transcription factor binding sites that indicates which TFs bind to specific genomic
regions. Whenever one of these retained peaks overlaps with a JASPAR binding site,
the corresponding (peak, TF) link is recorded in a peak-by-TF binding affinity matrix
B, where bkt represents the binding affinity of TF t at peak k.

The gene–peak regulatory potential matrix W and the peak–TF binding matrix B
are then combined to attribute TF binding to genes:

geneTFit =
∑

k

wik · bkt (4.6)

so that it is non-zero if at least one peak k lies within the promoter region of gene
i and contains a binding site for TF t. The regulon Rt,z of TF t in cluster z is then
defined as the subset of genes in coz for which this condition holds:

Rt,z = { i ∈ coz | geneTFit > 0 } (4.7)

Third, the candidate TFs are refined using LISA, an external method that ranks
TFs by how well their known regulatory profiles match the gene list coz of the cluster.
Among all candidate regulons Rt,z, only those whose TF passes both the JASPAR motif
overlap and the LISA filter are retained as final regulons.

4.4.4 Cell-type-specific GRNs
For each TF t and each TG i in its regulon Rt,z, a regulatory intensity score sti|z
quantifies how strongly the regulation actually manifests in cluster z. It is obtained by
averaging, across the cluster’s cells, the per-cell regulatory intensity score:

sj
ti|z =

∑
k

x̃A
kj · wik · bkt (4.8)

where x̃A
kj ∈ {0, 1} is the binarised entry of the chromatin accessibility matrix XA,

extending the conditions defining geneTFit by additionally requiring peak k to be open
in cell j.

Target genes with zero cluster-mean intensity are dropped from Rt,z, leaving only
those whose chromatin path is accessible in at least some cells of the cluster. The
retained TF–TG edges, together with their sti|z scores, define the cluster-specific gene
regulatory networks.
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Each edge is further annotated with its supporting cis-regulatory elements (Equa-
tion 4.9), the set of peaks k simultaneously linked to gene i and bound by TF t, yielding
the final TF–CRE–TG triplets.

Cti = {k : wik > 0 and bkt > 0} (4.9)

Because a gene is included in a regulon only if at least one peak already connects it
to the TF, every retained edge is guaranteed to have at least one supporting CRE.

4.5 Issues Encountered with the functional gene
modules

The functional gene module step aims at finding cell-type-specific gene modules by
solving an approximation of the Steiner Forest Problem on a graph combining HGT
gene–cell attention scores and gene–gene embedding correlations. Running this step
on the PBMC dataset produced modules that were both biologically unexpected and
largely redundant across clusters, for reasons that appear to be rooted in the structure
of the graph itself.

The recovered gene modules contained exclusively Z-family genes (mostly Zinc
Finger genes ZNF, ZSCAN, and ZSWIM ), which are not expected markers for blood
cell types. Furthermore, the 10 recovered cluster modules were near-identical: the two
largest clusters (n = 111 and n = 105 genes) shared 85 genes, corresponding to 77%
and 81% of their respective gene sets.

Even the smallest cluster (n = 41 genes) had 80% of its genes appear in the two
larger clusters. While cluster-specific modules should ideally contain genes active in that
cell type, the near-total overlap observed here shows that the algorithm is recovering the
same background ZNF block rather than biologically meaningful, cluster-discriminating
genes.

Two structural properties of the graph construction may explain this behaviour.
First, the gene–gene edge set is dramatically denser than the gene–cell edge set. With
a Pearson correlation threshold of 0.5 applied to the HGT gene embeddings, 73% of all
gene pairs are connected, producing approximately 79.6 million gene–gene edges. By
contrast, the attention threshold retains only 143,860 gene–cell edges out of 132 million
possible pairs (0.1%), covering only 254 unique genes (a ratio of roughly 550 gene–gene
edges for every gene–cell edge).

Since edge weights are inverted before the minimum spanning tree step, such that
high correlation translates to low cost, highly correlated genes become cheap interme-
diate nodes for the Steiner forest approximation. Within this already dense graph,
ZNF -family genes form a particularly tight clique: 90% of ZNF–ZNF pairs exceed
the threshold against 73% for other gene pairs, and their mean pairwise embedding
correlation (0.77) is notably higher than that of other genes (0.65). As a result, the
ZNF block constitutes a cheap highway through the graph, which the Steiner forest
preferentially routes through regardless of the cluster being processed.
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A possible solution would be to raise the gene-gene correlation threshold, so as to
reduce the density of the gene-gene clique, while simultaneously lowering the attention
threshold to broaden the pool of candidate gene-cell edges. Although each cell still
accumulates exactly one gene-cell edge after matching, a larger and more diverse
candidate pool might reduce the tendency of cells to converge on the same small set of 254
candidates, potentially giving the minimum spanning tree more cluster-discriminating
signal and less reason to route through the cheap ZNF backbone. Whether this combined
adjustment would be sufficient to recover biologically meaningful modules remains to
be verified empirically.
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5. GRETA

5.1 Introduction
GRETA (Gene Regulatory nETwork Analysis) is a free open-source framework designed
to compare and evaluate methods for inferring gene regulatory networks from single-cell
multi-omics data [5]. Comparing and evaluating the quality of inferred GRNs is chal-
lenging due to the lack of a true ground reference, as no complete and experimentally
validated map of all TF–TG regulatory interactions exists. To address this, GRETA
compares GRNs using similarity and stability scores, and evaluates them through three
categories of metrics, described in Section 5.4.

Similarity measures the agreement between GRNs inferred from the same dataset
by different methods, using the overlap coefficient at the TF, target gene, and edge
levels to quantify how much their outputs converge. Stability assesses the robustness
of each method’s output across repeated runs and under progressive downsampling of
cells or features, capturing how much the inferred networks change with randomness
and data coverage.

Figure 5.1: Graphical abstract of GRETA. From [5]
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5.2 Adding a new dataset

annotate_rpe_choroid

callpeaks_rpe_choroid

download_rpe_choroid

prc_annot_rpe_choroid

dwn_image
name_img: figr

dwn_image
name_img: gretabench

gen_gid_ensmbl

Figure 5.2: DAG for dataset integration

GRETA is implemented as a Snakemake
pipeline [49], in which rules break the work-
flow into smaller steps. Each rule defines a
set of input files and produces a set of out-
put files. Snakemake constructs a directed
acyclic graph (DAG) of rules based on their
dependencies.

To illustrate this workflow, we describe
the steps required to integrate the Single-
cell multiome of human RPE and choroid
dataset [50] into GRETA. The dataset is
publicly available on the Gene Expression
Omnibus (GEO), a public repository for
genomics data [51]. The resulting DAG is
shown in Figure 5.2.

The pipeline starts by downloading two
Singularity images using the dwn_image
rule. These images provide reproducible
environments for all downstream steps. In
parallel, Ensembl gene IDs [52] are retrieved
by the gen_gid_ensmbl rule for later gene validation.

The pipeline then proceeds as follows. First, the raw data is downloaded from
GEO using the download_rpe_choroid rule, including the RNA expression matrix,
containing raw counts indexed by cell barcodes and gene names, along with per-cell-type
ATAC fragment files.

Since each fragment file corresponds to a single cell type, cell barcodes can be
directly mapped to their cell type based on which file they originate from. This mapping
is then matched against the RNA barcodes to generate the final barcode to cell type
annotation using the prc_annot_rpe_choroid rule.

Next, chromatin accessibility peaks are identified from the fragment files using
MACS3 [17]. In the callpeaks_rpe_choroid rule, fragments are pooled per cell type
and regions of significantly enriched accessibility (peaks) are recovered to construct the
chromatin accessibility matrix.

Finally, both modalities are merged into a single multi-modal object through the
annotate_rpe_choroid rule. During this step, genes are validated against Ensembl
gene IDs to remove invalid gene symbols.

All methods in GRETA take as input datasets processed as described above, resulting
in a single multi-modal MuData object [53]. This container stores multiple modalities
together, where each modality is represented as an AnnData object [54].

An AnnData object centres around a matrix X of shape cells × features, where
features correspond to genes in the RNA modality and peaks in the ATAC modality.
Rows and columns are annotated by obs and var respectively, storing cell-level metadata
such as cell type and batch, and feature-level metadata such as gene IDs or peak
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coordinates. X typically contains normalised and processed counts, while layers allows
storing additional versions of the matrix, such as the raw counts. All modalities in
the MuData object share the same cell observation index, ensuring that each row
corresponds to the same cell across modalities.

Figure 5.3: AnnData schema representation. From [6].

5.3 Adding new methods
GRETA aims to benchmark GRN inference methods under a unified setting. First,
every method takes as input a MuData object as described in Section 5.2, from which
the raw counts are systematically retrieved, since each method may apply its own
preprocessing and normalisation.

Second, all methods integrated in GRETA are expected to produce a list of weighted
TF–TG interactions at the cell-population level rather than per cell type, ensuring that
outputs are directly comparable across methods. This choice is motivated by the fact
that not all methods natively produce cell-type-specific GRNs, and that ground-truth
databases with cell-type resolution remain rare, making a fair cell-type-level comparison
across methods currently impractical.

Some methods go further and produce TF–CRE–TG triplets together with their
scores, which provide a more complete GRN and make it possible to compute certain
CRE-specific metrics.

Finally, every method must be packaged in a Singularity image to ensure repro-
ducibility.

5.3.1 Decoupling
Methods can be integrated in two ways: a decoupled version, which splits the GRN
inference process into four steps, and an original version, which keeps the inference
pipeline unified.
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GRN construction can be split into four inference steps, described in Figure 5.4.

1. [pre] Preprocessing: identify candidate TFs, CREs, and TGs

2. [p2g] Peak-to-gene mapping: assign peaks to nearby genes based on genomic
distance between each peak and the gene TSS.

3. [tfb] TF binding: link TFs to CREs using motif-matching scores.

4. [mdl] Modelling: infer final TF–TG interactions.

Each step from one method can be plugged into another method’s pipeline, enabling
the construction of GRNs composed of inference steps from different methods. In the
GRETA paper, it was shown that most original methods outperform all mixed combina-
tions1, suggesting that mixing inference steps does not lead to improved performance.

prior knowledge based GRNs, CollecTRI9 and DoRothEA8; and generates random

networks with topological properties similar to the ones of inferred GRNs

(Methods).

Figure 1. Gene Regulatory nETwork Analysis (GRETA). GRETA is a flexible Snakemake pipeline

designed to infer, compare, and evaluate gene regulatory networks (GRNs) from single-cell

multimodal RNA-seq and ATAC-seq data. Its modular design allows for any combination of inference

steps. GRNs generated with GRETA can be compared across TFs, edges, and target genes to assess

stability under different conditions. Additionally, GRETA includes a collection of evaluation metrics

categorized into three groups: mechanistic, predictive, and literature-based metrics.

GRETA enables systematic comparison of GRNs at the TF, edge, and target gene

levels. To account for differences in network sizes, it uses the overlap coefficient,

defined as the intersection size between two sets divided by the smaller set's size.

Using this statistic, it can also measure the robustness of methods by sampling

7

Figure 5.4: GRN inference steps. From [5]

Deep learning-based GRN inference methods are not decouplable, as training pro-
duces all outputs simultaneously. Consequently, only the original implementations of
LINGER and DeepMAPS were integrated into GRETA.

LINGER needs its pre-trained neural networks to create the final GRN and only
extracts the results of the different steps once the training is over. DeepMAPS needs
outputs of the heterogeneous graph transformer model (cell and gene embeddings as
well as their attention scores) to infer TF regulons and build the GRNs.

1except Pando [55], SCENIC [56], and the random baseline (Section 5.3.4).
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5.3.2 LINGER integration
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dwn_image
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Figure 5.5: DAG for LINGER integration

We illustrate the integration of LINGER2

using its Snakemake DAG when running
on the PBMC dataset (Figure 5.5). The
rules producing annotate_pbmc10k corre-
spond to the dataset processing pipeline
described in Section 5.2. The LINGER-
specific part of the DAG consists of three
additional steps: the download of prior
knowledge, the preparation of the in-
put data, and the GRN inference it-
self.

The linger_prior rule downloads the
prior knowledge required by LINGER: the
pre-trained neural networks on bulk data
and the prior binding affinity matrix B described in Section 3.2. The extract_case
rule then applies the common preprocessing steps described in Section 1.3, along with
additional steps such as dimensionality reduction and visualisation embeddings. Finally,
the mdl_o_linger rule performs the GRN inference. LINGER can run in original
mode (no parallelisation), baseline mode (Section 3.6), or parallel mode (with the
optimisations described in Section 3.8).

LINGER produces three outputs from which TF–CRE–TG triplets can be recon-
structed: α (TF–CRE), β (CRE–TG) and γ (TF–TG). Each matrix is first indepen-
dently filtered to its top 10% scores to reduce the combinatorial explosion arising from
the subsequent joins.

First, we join α and β along their shared CRE dimension to form TFt–CREk–
TGi triplets. Next, we perform a second join on the shared (TF, TG) dimension to
incorporate γ, discarding any triplets that lack independent TF–TG support. The score
of each remaining triplet is then defined as the product of its three component scores:

score(t, k, i) = αtk · βik · γti (5.1)

While γ alone could have been used as a direct source of TF–TG interactions, the
validity of this triplet-based construction against that simpler alternative is evaluated
in Section 6.1.

5.3.3 DeepMAPS integration
We integrated DeepMAPS3 into GRETA following the same structure as LINGER. A
Singularity image was built from the DeepMAPS repository [57], and the method was
run on the same PBMC dataset.

2https://github.com/saezlab/greta/pull/54
3Since DeepMAPS could not be totally reproduced, we did not create a dedicated pull request but

its integration code can be found here: https://github.com/emvg/greta/tree/hercules.
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Since DeepMAPS is implemented primarily in R (with the exception of HGT model
training, which is in Python), the MuData object produced by extract_case was
converted into a Seurat object [58], a commonly used R data structure for single-cell
genomics, before being passed as input to the pipeline.

Unlike most methods, DeepMAPS natively produces cell-type-specific GRNs as
TFt–CREk–TGi triplets. For each cluster z, the inferred regulons Rt,z directly define
TF–TG edges, each annotated with its supporting cis-regulatory elements Cti (as defined
in Section 4.4.4) and a regulatory intensity score sti|z. To obtain a cell-population-level
GRN, triplets were collected across all clusters, and for each unique TFt–CREk–TGi

triplet the maximum sti|z over all z was retained as the final edge score.

Deviations from the original implementation

Two adaptations from the original implementation were necessary. The first concerns
the construction of the gene activity score matrix, which originally relies on RNA
velocity, and the second concerns the gene module construction step, where the SFP
branch produced unsatisfactory results. Both are described below.

Gene activity score computation. As described in Section 4.2, the GAS matrix is
originally built by weighting the RNA and ATAC modalities together using an RNA
velocity matrix, a gene-by-cell matrix in which each entry encodes the rate of change of
a gene’s expression in a given cell.

Estimating the velocity requires separate counts for spliced and unspliced mRNA,
whereas the standard RNA expression matrix used as input to GRETA only stores total
counts per gene, with no distinction between the two. Recovering them would require
going back to the raw sequencing reads and processing them with a velocity-aware tool
that separately counts spliced and unspliced mRNA, before passing the resulting counts
to a velocity estimation method such as scVelo [59].

GRETA is meant to be applied to a wide range of datasets, and requiring users to
provide raw sequencing reads for every new dataset would add a substantial preprocess-
ing burden, change the input requirements of the pipeline, and prevent this step from
being fully automated within the workflow.

We therefore used the weighted nearest neighbours (WNN) alternative to replace
the velocity-based weights for integrating the RNA and ATAC modalities [60]. This
approach constructs a weighted nearest neighbour graph by identifying, for each cell,
its nearest neighbours based on a weighted combination of the two modalities.

This results in a pair of per-cell weights, one for RNA and one for ATAC, summing to
one, which are then used in the GAS construction. This preserves the original intent of
weighting RNA expression and chromatin accessibility by their relative informativeness
in each cell, without requiring spliced/unspliced quantification.

Gene module construction. As described in Section 4.4.2, the construction of
cell-type-specific gene modules in DeepMAPS relies on solving an approximation of the
Steiner Forest Problem (SFP) on a graph combining HGT attention scores and gene
embeddings.

30



In practice, the SFP branch produced biologically unexpected and largely redundant
modules, for the structural reasons detailed in Section 4.5. We therefore fell back to
the alternative branch, which defines gene modules directly from the HGT attention
scores. Unlike the SFP branch, which applies the attention threshold at the cell level,
this branch first averages the attention scores aij over all cells j belonging to cluster z,
yielding a per-gene-per-cluster score āiz. The threshold is then applied at the cluster
level: a gene i is retained in module coz if:

āiz > µz + σz (5.2)

where µz and σz are the mean and standard deviation of āiz across all genes within
cluster z.

This approach produced 11 gene modules, with sizes ranging from 27 to 99 genes,
and yielded more biologically interpretable results than the SFP branch. Cell-type
marker genes were recovered across modules, such as NKG7 [61] and GZMA [62], which
are well-established markers of NK cells and cytotoxic T lymphocytes, both present in
the PBMC dataset.

Modules showed an average pairwise Jaccard similarity4 of 0.17, with values ranging
from 0.05 to 0.50, suggesting that modules are mostly cluster-specific, though some
overlap remains, with 7 genes shared across all clusters.

5.3.4 Random baseline
A method’s performance is only informative relative to what could be obtained by
chance. To this end, GRETA constructs a topology-preserving random network that
matches key statistical properties of inferred GRNs, such as the number of CREs per
gene, the number of TFs per CRE, the TF-to-gene ratio, and the genomic window
constraints, while removing all biological signal.

To achieve this, gene, CRE, TF, and cell labels in the input MuData object are
randomly permuted, breaking all true biological correspondences while leaving the
expression and accessibility matrices unchanged.

A subset of genes is then sampled uniformly at random, and each gene is assigned a
random number of CREs drawn from peaks located within a ±250 kb window around
the transcription start site. TFs are subsequently assigned randomly to CREs using the
Lambert human TF catalogue [63], producing synthetic TF–CRE–gene triplets. Finally,
the network is filtered to match realistic regulon statistics by enforcing a TF-to-gene
ratio of 10% and removing TFs with fewer than five targets.

The resulting graph preserves the global topology of a GRN while containing no
true regulatory relationships, providing a lower bound for evaluation.

4Jaccard similarity: J(A, B) = |A∩B|
|A∪B| .
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5.4 Evaluation metrics
GRETA uses three metrics to evaluate GRNs: mechanistic metrics capturing causal re-
lationships, predictive metrics reflecting network topology, and literature-based metrics
incorporating prior biological knowledge.

For each metric, precision P = T P
T P +F P

and recall R = T P
T P +F N

are computed according
to metric-specific definitions of true positives, false positives, and false negatives, and
summarised into a precision-weighted F score:

Fβ = (1 + β2) · P · R
β2 · P + R (5.3)

Since GRN inference methods try to capture the most confident interactions (min.
FP ) rather than all possible ones in ground truth (min. FN), precision is weighted ten
times more than recall (β = 0.1), favouring quality over quantity.

Ground-truth databases are inherently incomplete and capture only a fraction of
true regulatory interactions. In this context, missing a true interaction (FN) is less
penalised than predicting an interaction that is not real (FP ) because the ground truth
itself cannot be fully trusted as a complete reference.

GRN inference methods can be run on many different datasets. GRETA provides
a whitelist of tissue and cell-type labels that are considered biologically relevant for
each dataset. When benchmarking a method run on a given dataset, the ground-truth
databases are filtered to keep only experiments from tissues and cell types that match
that biological context.

For instance, when evaluating a method trained on the peripheral blood dataset,
only ground-truth experiments originating from blood, immune, or hematopoietic cell
types are retained. Experiments from brain or lung cell lines would be excluded as
irrelevant. The databases used as ground truth and the definition of evaluation metrics
can be found in Appendix A.3 and A.4.

5.4.1 Mechanistic
Mechanistic metrics evaluate whether GRNs capture causal relationships from pertur-
bation assays using the KnockTF database [64, 65]. This database identifies which
transcription factors regulate specific genes by knocking out a TF and comparing gene
expression levels before (expbefore) and after (expafter) the knockout. Genes regulated
by the TF will show changes in expression and can therefore be linked to that TF.

TF activity

For each TF knockout experiment targeting a transcription factor t, the log2 fold change
is computed for all genes, yielding an observed response vector yt, where each entry yti

reflects the expression change of gene gi following the knockout:
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yti = log2

(
expafter
expbefore

)
> 0 upregulated
< 0 downregulated
= 0 no change

(5.4)

The inferred GRN provides the predicted regulon of t: a set of target genes gi each
associated with an edge score wti reflecting how confidently the method predicts t to
regulate gi.

The TF activity score is estimated using decoupleR’s ULM method [66], which
measures how correlated wti and yti are across all predicted targets of t. Since knocking
out t removes its activating signal, we expect genes with a high wti to show the most
negative yti, resulting in a significantly negative correlation score for a well-performing
GRN. A true positive is therefore a TF present in the inferred GRN whose activity
score is negative and statistically significant5 (padj < 0.05).

Forecasting

While TF activity directly correlates GRN edge scores with observed expression changes,
forecasting simulates how a perturbation propagates through the network and checks
whether the resulting predicted changes match the observed ones from KnockTF. The
perturbation workflow is illustrated in Figure 5.6.

CellOracle [25] is used to fit a regression model on the expression matrix using the
GRN as a connectivity skeleton. The expression of each target gene i can be expressed
as a linear combination of the expressions of its regulators t:

exp(i) =
∑

t

ait · exp(t) (5.5)

This yields a coefficient matrix A, where only TF-TG links present in the GRN are
kept and all other entries are set to zero.

The entire expression matrix E ∈ Rcells×genes is collapsed into a pseudobulk mean
expression vector x ∈ Rgenes containing average gene expression across cells. To simulate
a TF knockdown, we initialise a perturbation vector ∆x(0) ∈ Rgenes where only the
knocked-down TFt is set to −x[t] and all other entries are zero, effectively removing its
contribution from the network, and propagate this perturbation through A for three
steps:

∆x(s) = A · ∆x(s−1), s = 1, 2, 3 (5.6)

5The Benjamini–Hochberg procedure is used to control the false discovery rate (FDR): the expected
proportion of false positives among all significant results. Setting padj < 0.05 ensures that at most 5%
of declared true positives are expected to be false positives across all TF knockout experiments [67].
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At s = 1, ∆x(1) is non-zero only for direct targets of TFt, since A · ∆x(0) picks out
column t of A : the regression coefficients of all genes that TFt directly regulates.
At s = 2, ∆x(2) is non-zero for any gene that is regulated by a direct target of TFt, as
the non-zero entries of ∆x(1) now activate their own columns in A.
At s = 3, the signal reaches one level deeper still.

The accumulated perturbation ∆x(3) thus captures both the immediate and down-
stream consequences of the knockdown up to three hops away in the network.

RNA matrix
Rcells×genes

Inferred GRN
TF–TG edges

Pseudobulk x
Rgenes

Coefficient matrix A
Rgenes×genes

∆x(0)

TFt set to −x[t]

∆x(s) = A · ∆x(s−1)

mean fit
mask

knockdown TFt

Figure 5.6: Perturbation propagation workflow .

We then restrict both ∆x(3) and the observed KnockTF differential expression profile
to their common genes, and compute the Spearman correlation ρ between them. A true
positive is a TF whose predicted expression changes ∆x(3) are significantly positively
correlated with the observed ones (padj < 0.05).

5.4.2 Predictive
Predictive metrics test whether the GRN’s structure is consistent with the data it was
inferred from, i.e. whether its wiring captures genuine statistical dependencies present
in the data.

Omics

For each target in the GRN (gene or CRE), an XGBoost model is trained to predict
that target’s expression or accessibility from its assigned regulators (sources). The
following relationships are modelled: Genes ∼ TFs, Genes ∼ CREs, and CREs ∼ TFs.

For example, when modelling the Genes ∼ TFs relationship, the expression of each
target gene is predicted using only the transcription factors linked to it, with the GRN
providing the inferred TF–TG interactions.
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Source Target Source mod. Target mod. Relationship
gtf TF Gene RNA RNA TF → gene expression
gcre CRE Gene ATAC RNA CRE → gene expression
cretf TF CRE RNA ATAC TF → CRE accessibility

Table 5.1: Omics predictive metric variants

A true positive is a feature (e.g. a gene) included in the GRN as a target, whose
molecular readout (e.g. expression) is significantly predicted from its GRN-assigned
regulators (padj < 0.05).

Gene sets

This metric tests whether the TF regulons, sets of target genes gi regulated by a TF,
defined by the GRN are biologically meaningful, by checking if they align with known
gene sets active in the RNA expression data. A gene set is a collection of genes known
to share a specific biological function, such as a signalling response, a metabolic process,
or a transcriptional programme [68].

TF

g1

g2

g3

g4

g5

Gene set A

Gene set B

Figure 5.7: TF regulon and matched gene sets .

First, for each cell, a gene set activity score is computed by aggregating the expression
of its member genes using decoupleR’s ULM method [66]. A gene set is considered
active in the dataset if its score is positive in more than 20% of cells.

Then, for each TF in the GRN, a one-sided Fisher’s exact test6 checks whether any
active gene set is overrepresented among its target genes relative to what would be
expected by chance. A true positive is a gene set that is both active in the data and
significantly enriched in at least one TF regulon (padj < 0.01).

6The one-sided Fisher’s exact test [69] assesses whether the overlap between two sets is larger than
expected by chance, given their sizes relative to the total number of genes.

35



5.4.3 Literature based
The literature-based metrics test whether the GRN is consistent with existing biological
knowledge using three complementary angles.

First, at the regulator level, by checking whether the TFs used as regulators in the
GRN match TFs known to be active in the relevant cell types (marker TFs).

Second, at the co-regulation level, by testing whether TFs sharing many target genes
in the GRN also physically interact (TF–TF pairs).

Third, at the edge level, by validating the different types of connections in the GRN:
TF–TG edges validated with a curated reference database of known TF–TG interac-
tions, TF–CRE edges against experimentally validated TF binding sites, CRE–gene
edges against biologically supported regulatory links, and CREs themselves against
independent evidence of functional activity.

In practice, this category splits into two groups: Literature metrics (grey), compris-
ing TF pairs, TF markers, and TF–TG links; and Genomic metrics (green), comprising
TF binding, CRE–TG links and functional CREs.

TF1

TF2

CRE1

CRE2

TGshared targets

1. Marker TFs

2. TF–TF pairs

3. Reference GRN

4a. TF binding sites

4b. CRE–gene edges

4c. Functional CREs

Figure 5.8: Literature-based (grey) and genomic (green) validation strategies for GRN
evaluation .
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6. Benchmark

6.1 LINGER triplets extraction strategy
When constructing the final GRN for GRETA, we opted to build TF–CRE–TG triplets
from all LINGER outputs, assuming that leveraging the full set of available information
would be beneficial. An alternative approach would have been to rely solely on the final
γ (TF–TG) interactions, without constructing triplets. To validate our triplet-based
strategy, we compared both approaches by computing their ∆F0.1 score (Figure 6.1).

CRE-specific metrics can now be evaluated, all gene set metrics show improvement,
and mechanistic and literature-based metrics remain largely unchanged. We see a
decrease in performance for the Omics Gene ∼ TFs metric.

The improvement on Gene Sets tasks may reflect the selectivity of the triple-product
score: an edge receives a high score only when all three signals converge, meaning that
the TF binds an accessible CRE (αtk), and both CRE and TF have strong Shapley
values for the target gene’s expression (βki and γti). This may make TF regulons
more biologically coherent, as their target genes are all connected to the TF through
CRE-mediated regulatory paths.

The decrease in Omics Gene ∼ TFs is likely the direct counterpart of this specificity
gain. The γ matrix directly reflects predictive TF–TG relationships, as it is the output
of LINGER’s networks trained to predict gene expression from TF inputs. In the triplet
GRN, a TF–TG link is only retained when also supported by CRE evidence, adding a
constraint that may exclude otherwise predictive TF–TG pairs.

The absence of any decrease on the Reference GRN metric, which directly evaluates
TF–TG edge overlap against CollecTRI1, suggests this is specific to the expression-
prediction objective2 rather than a general degradation of TF–TG links.

1curated resource of TF–target gene interactions [28].
2The Omics Gene ∼ TFs fits an XGBoost model to predict each target gene’s expression from its

assigned TF regulators only (Table 5.1).
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Figure 6.1: Evaluation of the triplet-based GRN construction strategy from LINGER
outputs. The figure reports the change in F0.1 score (∆F0.1) relative to its baseline
approach that uses only TF–TG interactions from the final γ matrix .
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6.2 LINGER baseline
We compared LINGER against its baseline, which constructs the GRN directly from
bulk prior matrices and uses single-cell data only as a feature mask, without neural
network training. Both approaches operate on the same genes, TFs, and peaks, but
differ in how edge scores are assigned: the baseline relies on bulk prior values, whereas
LINGER derives data-driven scores by training per-gene neural networks on single-cell
data.

Mechanistic and literature-based metrics showed negligible improvement across all
tasks (max(∆F0.1) < 0.03).

Predictive metrics yielded contrasting results: modest gains were observed for the
Omics task, while the Gene Sets task showed a substantial improvement (min(∆F0.1) >
0.2) for all databases. This is consistent with how the metric is defined: gene set activity
is computed directly from the PBMC expression data, so scores derived from networks
trained on PBMC single-cell data could better reflect which TF–gene relationships are
active in this context than bulk-derived scores.

Genomic metrics were more mixed: only four databases within the CRE task showed
improvement, while all remaining categories either declined or remained unchanged.
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Figure 6.2: Baseline comparison of LINGER and its baseline across Predictive and
Genomic tasks .
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6.3 Similarity
To quantify the agreement between GRN inference methods, we used the overlap co-
efficient, defined in GRETA as the intersection size between two sets divided by the
smaller set’s size. This metric accounts for differences in network size, ensuring that
comparisons between networks of vastly different scales remain meaningful.

We compared the GRNs obtained from the same PBMC dataset across all methods.
Most methods inferred GRNs with similar numbers of TFs, edges, and target genes per
TF (median TFs = 202, edges = 4,101, genes = 1,746, regulon size = 28.5) (Figure 6.3).
Dictys, LINGER and its baseline, and SCENIC+ produced considerably larger networks,
with edge counts exceeding 18k and regulon sizes ranging from 57 to 200 target genes
per TF. DeepMAPS stood apart at the other extreme, yielding the smallest network
with only 13 TFs, 149 edges, and a regulon size of 11.5, suggesting it captures only a
narrow set of regulatory relationships in this dataset.

0 100 200 300 400
Number TFs

CollecTRI
DoRothEA

Random
SCENIC

CellOracle
DeepMAPS

Dictys
FigR

GRaNIE
LINGER Baseline

LINGER
Pando

SCENIC+

0 10000 20000
Number Edges

0 2000 4000 6000 8000
Number Genes

0 50 100 150 200
Regulon size

Figure 6.3: Network size statistics across GRN inference methods. Transcription factors
TF, Regulon size is the average number of target genes per TF.

Pairwise comparisons of network nodes revealed moderate agreement at the TF and
target gene levels across methods (mean overlap coefficient TFs = 0.63; mean overlap
coefficient genes = 0.47) (Figure 6.4).

The strongest TF concordance was observed between LINGER and its baseline, as
both operate on the same feature mask and therefore consider the same set of expressed
TFs. The low overlap at the TG and CRE levels reflects that different scoring leads
GRETA to select largely different top edges.

SCENIC+ and Pando also showed notable TF agreement (overlap coefficient =
0.86), which can be explained by their shared use of the JASPAR [37] and CIS-BP [70]
motif databases for TF binding site prediction: Pando relies on both directly, while
SCENIC+ incorporates them as part of its broader curated collection of over 34,000
motifs drawn from 29 different databases.
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At the CRE level, overlap was substantially lower and more variable (mean overlap
coefficient CREs = 0.29), with Dictys standing out as the method most consistently
sharing regulatory regions with others (mean overlap coefficient CREs = 0.48), while
methods such as Pando showed near-zero CRE overlap with most approaches.

Similarly, at the gene level, Dictys exhibited the broadest agreement with other
methods (mean overlap coefficient genes = 0.73), reflecting its tendency to produce
large networks covering a wide range of target genes.

Edge overlap remained minimal across all method pairs (mean overlap coefficient
edges = 0.06) (Figure 6.5), with only the two literature-curated networks CollecTRI and
DoRothEA (overlap coefficient = 0.34), and SCENIC+ and Pando (overlap coefficient
= 0.11), standing out as exceptions, though their overlap remains low.
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Figure 6.4: Pairwise overlap coefficients between GRNs at the TF, CRE, and target
gene levels
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6.4 Stability
Stability in GRN inference reflects both reproducibility across runs and robustness
to reduced data coverage. We assessed both for LINGER, using the pituitary gland
dataset [71] to remain aligned with GRETA’s experimental setup and enable direct
comparison with their results (Appendix A.5).

DeepMAPS was excluded from this analysis due to its poor overall performance in
benchmarking and the difficulties encountered in reproducing its original implementa-
tion.

6.4.1 Reproducibility across runs
To assess reproducibility, LINGER was run five times on the pituitary gland dataset,
and the resulting networks were compared pairwise (10 comparisons in total) at the
TF, CRE, gene, and edge levels (Figure 6.6).

LINGER recovered the same TFs almost perfectly across runs (mean overlap coeffi-
cient = 0.96). Gene recovery was slightly less consistent (mean overlap coefficient =
0.82), while CRE reproducibility was moderate (mean overlap coefficient = 0.68). Edge
reproducibility was the most affected, with a mean overlap of 0.36.

TFs CREs Genes Edges
0.0

0.2

0.4

0.6

0.8

1.0

Ov
er

la
p 

co
ef

fic
ie

nt

Figure 6.6: Pairwise overlap coefficients between five LINGER runs on the full pituitary
gland dataset at the TF, CRE, gene, and edge levels .

6.4.2 Robustness to data downsampling
To assess sensitivity to data coverage, we progressively downsampled the pituitary gland
dataset along two axes: the number of cells (with features held fixed) and the number of
features (with cells held fixed), and compared the resulting networks to the one inferred
from the full dataset using the overlap coefficient at the TF, gene, and edge levels.

The stability score is defined in GRETA as the area under the overlap coefficient
curve (AUC) across downsampling levels, with values close to one indicating robustness
and values close to zero indicating high sensitivity. Five random seeds were used at
each level.
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When cells were downsampled with features held fixed, LINGER produced networks
at all levels, with TF recovery remaining consistently high across cell counts (Figure 6.7,
left). When features were downsampled with cells held fixed, LINGER failed to produce
any network at the two lowest feature counts (5,120 and 10,240), suggesting a minimum
feature coverage requirement. Above this threshold, recovery improved and TF overlap
reached near-perfect values (Figure 6.7, right).

The stability scores confirm that LINGER is more robust to cell downsampling than
to feature downsampling at the TF, gene, and edge levels (Figure 6.8): TF stability
reaches 0.90 when cells are reduced but only 0.62 when features are reduced, identifying
feature coverage as the primary bottleneck for stable inference. This pattern holds across
all levels, with gene stability following the same trend and edge stability remaining low
under both axes (AUC = 0.216 and 0.161).
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6.5 GRN evaluation on the PBMC dataset

6.5.1 Choice of the dataset
The benchmark was performed on the PBMC dataset (Appendix A.2). Following the
dataset processing pipeline described in Section 5.2, 9,631 cells were retained and used
as input to the GRN inference methods.

This choice is motivated by two considerations: ground-truth coverage and widespread
adoption. PBMCs are well-studied cell populations in regulatory genomics, with broad
representation across public databases, providing ground-truth entries across all eval-
uation databases used in this benchmark. This breadth matters given the precision-
weighted F0.1 scoring used throughout: regulatory interactions that are true but absent
from a sparse ground truth are penalised as false positives, deflating scores. A well-
populated ground truth reduces this effect and makes evaluation more reliable.

Beyond coverage, this dataset has been widely adopted as a reference for GRN
benchmarking. It was used as a primary evaluation set in SCENIC+ [30], LINGER [35],
and DeepMAPS [4], as well as in the original GRETA paper [5].

6.5.2 Global performance overview
Figure 6.9 summarises the performance of 12 GRN inference methods across the three
metric categories in GRETA on the PBMC dataset. Scores reported in this section are
mean F0.1 scores averaged across all databases within the relevant task.

Mechanistic metrics reveal a near-universal failure to capture causal perturbation
effects: TF activity and Forecasting scores are close to zero for most methods, confirming
that current GRNs do not reliably propagate TF knockout signals through their network
structure. SCENIC+ performs best (0.143), followed by Dictys (0.050), while all other
multimodal methods remain below 0.025.

Predictive metrics paint a more nuanced picture. The Omics tasks show a clear
hierarchy: SCENIC+ leads (0.337), followed by Dictys (0.301) and LINGER (0.298),
while DeepMAPS is a clear outlier at 0.027. Gene Sets tasks yield substantially higher
scores and discriminate methods well: CellOracle achieves the highest score (0.796),
followed by LINGER (0.723) and SCENIC+ (0.630).

Literature-based metrics reveal a mixed picture. Scores are uniformly low across all
methods (below 0.026), with CellOracle and Pando narrowly leading, suggesting that
inferred GRNs recover only a small fraction of curated interactions. Notably, CollecTRI
and DoRothEA are excluded from this task since CollecTRI is itself the ground truth.

For TF Markers, multimodal methods outperform prior-knowledge baselines: CellOr-
acle (0.417) and FigR (0.415) lead ahead of CollecTRI (0.275) and DoRothEA (0.289),
suggesting that TF marker recovery is not simply a function of curated knowledge.
For TF Pairs, Dictys leads clearly (0.389), followed by DoRothEA (0.323) and Pando
(0.315). For the reference GRN task, all methods perform poorly.
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Figure 6.9: F0.1 scores across 10 evaluation tasks grouped by metric category for 12
GRN inference methods. Gold, silver and bronze circles indicate the top three methods
per task. Unimodal methods are shown in the top panel and multimodal methods in
the bottom panel .

Genomic metrics cover TF Binding, CREs, and CRE to Gene tasks. For TF Binding,
scores are low overall but not uniform: Dictys (0.214) and SCENIC+ (0.199) lead,
while Random remains near zero (0.003), confirming that TF binding recovery reflects
genuine inference rather than background signal.

CRE-level metrics, by contrast, are high across nearly all methods, including Random
(0.458). This is expected: since CRE databases annotate functional regions genome-
wide, any method that links genes to nearby accessible regions will passively overlap a
large fraction of them.

The CRE to Gene task yields more discriminative scores, though performance
remains poor overall, with LINGER Baseline (0.152) and FigR (0.133) leading.

DeepMAPS underperforms consistently across almost all categories, with one notable
exception: it achieves the highest score among all methods on the Gene Sets task,
specifically on the Hallmarks database, with an F0.1 of 0.815.

One possible explanation involves the construction of Hallmarks [72]: compared
to other gene set databases that are derived from curated molecular interactions or
perturbation experiments, Hallmarks groups genes based on coherent co-expression
patterns observed across many datasets, which may overlap naturally with the co-
expressed gene modules that DeepMAPS produces (Section 4.4.2). PROGENy [73],
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for instance, defines gene sets from perturbation experiments by identifying genes
whose expression changes when a specific upstream regulator is activated or inhibited, a
more causal criterion that a co-expression-based method would not be expected to satisfy.

Figure 6.10 shows that Dictys achieves the most gold medals (8), indicating the
strongest peak performance across tasks. SCENIC+ follows with the highest overall
number of medals, reflecting consistent high performance. CellOracle, LINGER and
FigR maintain strong overall performance, with repeated appearances among the top-
ranked methods, while most other methods receive fewer or no medals.
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Figure 6.10: Number of gold, silver, and bronze medals obtained by each method across
all evaluation tasks .

6.5.3 Best methods per category
While the previous section examined each task individually, this section shows method
performance by averaging F0.1 scores across all tasks within each metric category, sum-
marised in Figure 6.11.

Mechanistic metrics are the most challenging, with a very low median score (0.020)
and SCENIC+ leading (0.143), followed by CollecTRI and Dictys, confirming the
difficulty of recovering causal regulatory structure.

Predictive metrics yield substantially higher scores (median 0.343), where CellOr-
acle, LINGER and SCENIC+ perform best, while Random still reaches non-trivial
performance.
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Literature-based metrics show moderate results (median 0.193), with DoRothEA
and Dictys leading.

Finally, Genomic metrics show the highest overall scores (median 0.370) but limited
separation between methods, with Dictys and SCENIC+ leading; even Random performs
relatively well, indicating that preserving structural constraints such as CRE–gene
windowing and degree distributions (Section 5.3.4) is sufficient to recover a substantial
fraction of genomic overlaps even in the absence of true biological signal.
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6.6 TF activity
We benchmarked LINGER’s TF activity module described in Section 3.7 against
SCENIC+, the state-of-the-art method for inferring GRNs. Both methods estimate
TF activity at single-cell resolution, enabling the identification of cell-type-specific
transcriptional regulators.

The output of SCENIC+ is a set of enhancer-driven regulons (eRegulons), each
defined by a single TF together with its set of target regions (genomic peaks enriched
for that TF’s binding motif) and its set of target genes linked to those regions, forming
TF–CRE–TG triplets.

Once eRegulons are constructed, TF activity is quantified per cell using the AUCell
algorithm [56]. For each cell j and each eRegulon e, all I genes in the RNA expression
matrix are ranked by their expression level in cell j, from most to least expressed.

A recovery curve is then built by walking down this ranking from rank 1 to rank I:
at each position, the cumulative number of eRegulon e’s target genes recovered so far is
recorded, such that the curve rises by one step each time a target gene is encountered
and remains flat otherwise.

A TF whose target genes are highly expressed will therefore produce a curve that
rises steeply at the top of the ranking, whereas an inactive TF will produce a flat, slowly
rising curve. The gene-based AUC score is defined as the area under this recovery curve
restricted to the top 5% of the ranking. A high AUC indicates that the target genes of
eRegulon e are concentrated at the top of the expression ranking in cell j, reflecting
high activity of the associated TF.

This produces a cell-eRegulons matrix in which each entry reflects how strongly
a given TF’s target gene set is active in a given cell, analogous to the LINGER TF
activity matrix. However, the two methods differ in how they arrive at this score.

LINGER measures the excess co-expression of a TF’s target genes above a null
expectation, using the RNA expression matrix E and the trans-regulatory strength γ.
SCENIC+ is entirely rank-based: it does not use TF expression at all but relies on the
position of TF-assigned target genes in the per-cell expression ranking.

Once single-cell TF activity scores are obtained from each method, scores are
averaged within each cell type, yielding one score per TF per cell type. To make
scores comparable across TFs with different dynamic ranges, each TF’s activity is
z-scored across cell types. Since the PBMC dataset contains 19 different cell types
(Appendix A.2), we restricted the analysis to cell types with at least 300 cells, retaining
9 cell types for downstream comparison.

Among the 407 TFs identified by LINGER, 54 overlapped with the 66 TFs identified
by SCENIC+. Figure 6.12 shows the heatmaps of these 54 shared TFs across the 9 cell
types. Both display broadly similar patterns, suggesting that the TF activity estimates
produced by LINGER are consistent with those of SCENIC+.
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Table 6.1 reports, for each cell type, the TFs that appear in the top 5 of both
methods3. The overlap is non-empty in 7 out of 9 cell types, with a consistent recovery
of 3 shared TFs in most cases.

Cell type Shared top TFs

CD4 Naive FOXO1, LEF1, TCF7
CD8 Naive FOXO1, LEF1, TCF7
CD4 TCM ETS1, MAF, ZEB1
CD16 Mono IRF2, LMO2, MAFB
NK TBX21, RUNX3, MYBL1, EOMES
CD8 TEM_2 TBX21, RUNX3, MYBL1, EOMES
Intermediate B PAX5, SPIB, TCF4

CD14 Mono —
CD8 TEM_1 —

Table 6.1: Overlap in top TF activity rankings between LINGER and SCENIC+

The identified transcription factors are consistent with established cell-type-specific
regulatory programmes. For example, FOXO1 and TCF7 are canonical regulators of
naive T cell4 identity, shared here by both the CD4 and CD8 Naive subsets [75, 76].

Similarly, RUNX3 is a key regulator of cytotoxic T lymphocyte differentiation [77],
consistent with its activity in both the NK and CD8 TEM_2 clusters. PAX5 is a
well-established marker of B cell identity [78].

The two exceptions are CD14 Mono and CD8 TEM_1, where no overlap was
found between the top 5 TFs of the two methods, suggesting greater divergence in the
regulatory signals captured for these cell types.

Spearman correlations between LINGER and SCENIC+ TF activity z-scores across
the 54 shared TFs are reported in Appendix A.6, and are statistically significant in 8
out of 9 cell types, confirming the broad concordance observed in the heatmaps.

3For each cell type, the five TFs with the highest activity score were selected independently from
each method, and the two sets were then intersected.

4A T cell, or T lymphocyte, is a type of white blood cell that plays a central role in cell-mediated
immunity. There are several subsets of T-cells, such as naive T-cells (CD4 Naive, CD8 Naive), helper
T cells (CD4 TCM), cytotoxic T cells (CD8 TEM_2) and a broader category of cytotoxic lymphocytes
(CD8 TEM_2, NK) [74, 75].
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Figure 6.12: Heatmaps of TF activity z-scores for the 54 TFs shared between LINGER
and SCENIC+ across 9 cell types. Gold stars (⋆) indicate TFs ranking in the top 5
for a given cell type .
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7. Conclusion

7.1 Summary
This thesis integrated two deep learning-based GRN inference methods, LINGER
and DeepMAPS, into the GRETA benchmarking framework, and benchmarked them
alongside existing approaches on the PBMC dataset. LINGER’s chromosome-level pro-
cessing was additionally parallelised, yielding substantial speedups across preprocessing,
training, and GRN reconstruction.

The benchmark results suggest that deep learning does not systematically outperform
existing methods. LINGER remains competitive, particularly on predictive tasks, and
its TF activity estimates show broad concordance with those of SCENIC+. DeepMAPS
underperforms across most categories, which may partly reflect the two adaptations
required to reproduce the original pipeline.

More fundamentally, while LINGER uses deep learning to directly model regulatory
causality, DeepMAPS employs it to capture statistical co-activity patterns between
genes and cells, with regulon construction handled by separate motif-matching steps.
This distinction suggests that LINGER makes more effective use of deep learning for
GRN inference.

7.2 Limitations
Incomplete and non-cell-type-specific ground truth. The most fundamental
limitation of any GRN benchmark is the absence of a complete ground truth. No
exhaustive, experimentally validated map of TF–TG regulatory interactions exists, and
the databases used in GRETA cover only a fraction of true regulatory relationships.

Two compounding factors motivate evaluating all methods at the cell-population
level rather than at cell-type resolution. First, ground-truth databases annotating
which interactions are active in specific cell types remain rare. Second, not all methods
integrated in GRETA natively produce cell-type-specific GRNs, making a cell-type-level
comparison across methods impractical.

Together, these constraints mean that the cell-type-specific GRNs that LINGER
and DeepMAPS are specifically designed to produce cannot currently be evaluated in a
systematic and fair way.
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Training–evaluation data overlap. Methods that incorporate large external datasets
as prior knowledge risk being evaluated on data derived from the same source as their
training set. LINGER provides a concrete example: its per-gene neural networks are
pre-trained on 201 paired bulk samples from the ENCODE project (Section 3.2), while
GRETA’s encode database (cis-regulatory element annotations derived from the same
ENCODE experiments) serves as one of its evaluation targets. Performance on this
metric may therefore partly reflect regulatory patterns encountered during pre-training
rather than genuine inference from single-cell data.

More broadly, this issue highlights a general challenge for benchmarking methods
that rely on large prior knowledge bases: as the same public resources tend to be reused
across training and evaluation, disentangling what a method has learned from what it
has memorised becomes increasingly difficult.

Single dataset. The benchmark was performed on a single dataset. While the PBMC
dataset was chosen for its broad ground-truth coverage across all GRETA evaluation
databases and its widespread adoption as a reference for GRN benchmarking [30, 35, 4, 5],
results obtained in this specific biological context may not generalise to other tissues or
disease settings.

Evaluating methods across a wider range of datasets and cell types would strengthen
the conclusions drawn here, but was precluded by the substantial computational cost of
running all methods on all the different datasets available in GRETA.
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A. Appendix

A.1 Categories of GRN inference methods

Method

Prog.
Cell

type
Metacell

Gene Regulatory Network Inputs

TF–CRE CRE–Gene TF–Gene

RNA ATAC Paired

FigR ✗ ✗
Motif

enrichment
Spearman Spearman ✗ ✗ ✓

GRaNIE ✗ ✗
Motif

enrichment
Pearson N/A ✗ ✗ ✓

CellOracle ✓ ✗
Motif

enrichment

Co-

accessibility

Ridge

regression ✓ ✗ ✓

Pando ✗ ✓
Motif

enrichment
N/A

Linear

regression ✗ ✗ ✓

SCENIC+ ✓ ✓
Motif

enrichment

Gradient

boosting

Gradient

boosting ✓ ✓ ✓

SCENIC ✓ ✗
Motif

enrichment

(promoter)

N/A
Gradient

boosting ✓ ✗ ✗

Dictys ✓ ✓
Motif

enrichment

+ footprint

N/A
Stoch. diff.

eq. ✗ ✓ ✓

DeepMAPS ✓ ✗
Motif

enrichment

Graph

autoencoder

Regulon

construction ✗ ✗ ✓

LINGER ✓ ✓
Motif

enrichment

Neural net

(SHAP)

Neural net

(SHAP) ✗ ✗ ✓
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Figure A.1: Summary of current GRN inference methods for paired multi-omic
data included in this paper Prog., the program which the method was implemented
in; Cell type, whether the method produces cell type-specific GRNs; Metacell, whether
the method aggregates single cells into metacells (averaged expression profile of multiple
similar cells); TF-CRE, the main method used to infer TF-CRE links; CRE-Gene, the
main method used to infer CRE-gene links; TF-gene, the main method used to infer
TF-gene links. Inputs: RNA, whether the method is compatible with scRNA-seq data
alone; ATAC, whether the method is compatible with scATAC-seq data alone. All
methods can take paired RNA and ATAC data as input; Prob., probabilistic model;
D.S, dynamical systems; D.L, deep learning; diff. eq., differential equation. N/A cells
indicate that the respective step for identifying TF-CRE, CRE-Gene, or TF-Gene links
is not done for a given method. Adapted from [3] .
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A.2 PBMC dataset
The PBMC 10k dataset [43] jointly profiles gene expression and chromatin accessibility
from approximately 11,898 cryopreserved peripheral blood mononuclear cells of a healthy
25-year-old female donor. Following GRETA’s processing pipeline (Section 5.2), 9,631
cells were retained across 19 cell types, measured across two modalities: single-cell
RNA-seq (16,384 genes) and single-cell ATAC-seq (65,536 peaks). Cell types with fewer
than 300 cells were excluded for TF activity analysis (Section 6.6) but retained for all
other analyses.

26.5%

14.3%

14.1%

11.6%

4.6%

4.2%

PBMC10k  cell type distribution

Cell type (n=9,631)

CD14 Mono  (2,554)
CD4 Naive  (1,382)
CD8 Naive  (1,354)
CD4 TCM  (1,113)
CD16 Mono  (442)
NK  (403)
CD8 TEM_1  (322)
CD8 TEM_2  (315)
Intermediate B  (300)
Memory B  (298)
CD4 TEM  (286)
cDC  (180)
Treg  (157)
gdT  (143)
MAIT  (130)
Naive B  (125)
pDC  (98)
HSPC  (17)
Plasma  (12)

Figure A.2: PBMC dataset cell type distribution .
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A.3 GRETA Evaluation metrics and processed databases

Figure 2. Evaluation metrics and processed databases. List of evaluation metrics, the databases
employed to calculate evaluation scores and their statistics such as number of elements, or number of
cell-type or tissue labels. The Omics does not use a database as it used the original single-cell data.

2.2. Systematic comparison and stability quantification of GRNs inferred from

multiple methods

We used GRETA to reconstruct the GRN of a publicly available, annotated

single-cell multiome dataset of human pituitary gland21 using the original

implementations of the five multimodal GRN reconstruction methods, SCENIC,

two prior knowledge GRNs, and a random GRN (Methods).

First, we evaluated the robustness of the methods in reproducing GRN inference

across three different random seed runs using the same pituitary dataset. Most

methods consistently recovered the same TFs and target genes through each run

9

Figure A.3: Evaluation metrics and processed databases. List of evaluation
metrics, the databases employed to calculate evaluation scores and their statistics such
as number of elements, or number of cell-type or tissue labels. The Omics does not use
a database as it used the original single-cell data. From [5].
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A.4 GRETA Definition of evaluation metricsExtended Data Table 1. Definition of evaluation metrics. List of evaluation metrics used to assess the
performance of 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

Mechanistic

TF activity
Identify altered TFs in
context-specific perturbation
experiments

● TP = TF included in GRN with significant
activity score for a perturbation experiment

● FP = TF included in GRN but with insignificant
activity score for a perturbation experiment

● FN = TF not in GRN but in perturbation
experiment

Perturbation

Anticipate changes in gene
expression a�er a
context-specific TF perturbation
simulation propagated through
the GRN

● TP = TF targets included in GRN with significant
Spearman correlation between predicted and
observed changes in gene expression

● FP = TF targets included in GRN but with
insignificant Spearman correlation between
predicted and observed changes in gene
expression

● FN = TF not in GRN but in perturbation
experiment

Predictive

Omics

Independently predict omic
feature readouts from other
omic features from the original
omics dataset. For example
Gene ~ TF1 + … + TFn. The
features to use are based on the
inferred GRN topology

● TP = omic feature included in GRN with
significant Spearman correlation between
predicted and observed molecular readouts

● FP = omic feature included in GRN but with
insignificant Spearman correlation between
predicted and observed molecular readouts

● FN = omic feature not in GRN but in omic
dataset

Gene sets
Inclusion of gene sets in GRN
that are predicted to be present
in the original omics dataset

● TP = gene set in GRN and omics data
● FP = gene set in GRN but not in omics data
● FN = gene set not in GRN but in omics data

Literature

Marker TFs
Presence of context-specific TF
markers in GRN

● TP = TF in GRN and marker collection
● FP = TF in GRN but not in marker collection
● FN = TF not in GRN but in marker collection

TF-TF pairs
Presence of known TF-TF
interactions in GRN

● TP = TF-TF in GRN and in interactions
collection

● FP = TF-TF in GRN but not in interactions
collection

● FN = TF-TF not in GRN but in interactions
collection

TF binding
Presence of TF-CRE
context-specific binding
measurements in GRN

● TP = TF-CRE in GRN and in measurement
collection

● FP = TF-CRE in GRN but not in measurement
collection

● FN = TF-CRE not in GRN but in measurement
collection

CREs
Presence of annotated CREs in
GRN

● TP = CRE in GRN and in annotation
● FP = CRE in GRN but not in annotation
● FN = CRE not in GRN but in annotation

Regulated
genes

Presence of context-specific
CRE with annotated regulation
to a neighboring gene in GRN

● TP = CRE-Gene in GRN and in annotation
● FP = CRE-Gene in GRN but not in annotation
● FN = CRE-Gene not in GRN but in annotation

45
Figure A.4: Definition of evaluation metrics. List of evaluation metrics used to
assess the performance of 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). From [5].
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A.5 Stability of GRETA methods
All figures in this section are based on runs on the pituitary gland dataset.
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Figure A.5: Overlap coefficients of TFs (left) and target genes (right) between three
separate runs per method.
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Figure A.6: On the left: Overlap coefficients of TFs (top) and target genes (bottom)
between GRNs inferred from downsampled datasets with the one inferred using all
available data. On the right: Stability scores for TFs, edges and target genes. The
x-axis indicates the stability score when the number of cells is fixed and features are
downsampled, while the y-axis indicates the stability score when the number of features
are fixed and cells are downsampled.
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A.6 TF Activity Correlation Between LINGER and
SCENIC+

Figure A.7 shows the Spearman correlation of TF activity z-scores between LINGER
and SCENIC+ across the 54 shared TFs for each cell type. NK cells are excluded as
their correlation was not statistically significant (p = 0.278).

For the remaining 8 cell types, all correlations are statistically significant (p < 0.05),
indicating that the two methods capture broadly consistent regulatory signals. The
strongest agreement is observed in CD16 Mono (ρ = 0.84), while naive T cell subsets
(CD4 Naive, ρ = 0.34; CD8 Naive, ρ = 0.29) show the weakest correlation.

These results indicate that LINGER and SCENIC+ produce concordant TF activity
estimates at the global level, with stronger agreement in monocyte populations and
weaker agreement in naive T cells.
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Figure A.7: Spearman correlation of TF activity z-scores between LINGER and
SCENIC+ across the 54 shared TFs, shown for each cell type. Each point repre-
sents one TF. Cell types are ordered by decreasing correlation .
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