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Abstract

Reconstructing gene regulatory networks (GRNs) from expression data remains a central challenge in
computational biology. While tree-based ensemble methods such as GENIE3 and GRNBoost2 have long
been the gold standard, deep learning offers the potential to capture more complex regulatory patterns,
provided its predictions can be made interpretable. This thesis investigates whether feature-importance
mechanisms embedded in deep learning architectures can be exploited for GRN inference. Two methods
embedding feature scores in their architectures, LassoNet and TabNet, are integrated into a GENIE3-
like per-gene regression framework, and a stability-selection procedure is used for LassoNet to aggregate
feature-importance scores across resampled regularization paths into more robust interaction ranking.
These methods are benchmarked against GENIE3 and GRNBoost2 but also against other deep learning-
based methods such as DeepSEM or scGeneRAI on the DREAM and BEELINE datasets using AUPRC
and Early Precision Ratio. Results show tree-based ensembles retain a clear advantage on synthetic
and smaller curated networks, while somehow trailing DeepSEM in experimental and bigger networks.
No single method dominates uniformly across biological contexts and network scales.
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Introduction

A Genetic Regulatory Network (GRN) is an interpretable graph structure that indicates a set of intrinsic
rules of gene expression in living organisms [1]. It is formally described as the graph G = (V, E) where
nodes or vertices V represent individual genes and edges E represent the interactions or relationships
between these genes [2]. The graph can be undirected (Gene A and Gene B interact), or directed
(Gene A regulates Gene B) [3]. The latter is more expressive and is generally preferred when the
algorithm allows it. The goal of GRNs is to have a fully predictive explanation of how information
encoded in DNA underlies biological processes. These biological processes are responsible for controlling
cell development, regulating cell differentiation, and determining cells responses to the surrounding
environment. Deciphering GRNs is therefore crucial to understand the biological mechanisms that
drive every biological organism [4], with direct implications for developmental biology and clinical
medicine. However, gene expression regulation is inherently complex [5], and reconstructing gene
regulatory networks from high-throughput data remains a long-standing challenge [6].

Direct observation of gene interactions in organisms is difficult, but it is feasible to measure element
abundance by experimental means, and the expression pattern of these elements often reflects the regu-
latory role of genes [5]. The advent of microarray technology provided a systematic and comprehensive
vehicle for exploring the genome [7] enabling the simultaneous measurement of all RNA transcripts
in a cell [8]. This abundance of data made inference or reverse-engineering approaches conceivable.
Since the emergence of DNA microarray technology, researchers have proposed methods to reconstruct
GRNs by inferring the mechanisms behind transcription control in cells. The subsequent development
of RNA-seq, an application of Next-Generation Sequencing (NGS)1 to detect RNA abundance in sam-
ples through reverse transcription and fragmentation further increased data throughput. The current
state of the art in sequencing is single-cell RNA-sequencing (scRNA-seq), which achieved unprecedented
resolution. While bulk RNA-seq only measured the population-average expression level of all cells in a
tissue, masking the unique molecular properties of rare cell states [1,9], scRNA-seq resolves individual
cells, making it especially promising for computing GRNs because it does not obscure biological signals
by averaging [10].

However, scRNA-seq data introduce their own set of difficulties. These challenges range from sub-
stantial cellular heterogeneity and cell-to-cell variation in sequencing depth to high sparsity caused
by technical dropouts2 and cell-cycle-related effects [10]. While traditional bulk transcriptomic data
provide a higher signal-to-noise ratio, they are typically high-dimensional and significantly undersam-
pled [1, 8]. scRNA-seq addresses the sample-size limitations of bulk data but introduces dropouts and
a lower signal-to-noise ratio at the individual cell level [9] and raises serious computational scalability
concerns, as the calculation of gene interactions often scales quadratically with the number of genes.
However, even with the increase in observations provided by scRNA-seq, biological data volume re-
mains limited compared to fields like Computer Vision or Natural Language Processing, where deep
learning is the gold standard. Taken together, these properties necessitate the development of spe-
cialized architectures capable of robust representation learning despite the inherent noise and relative
sparsity of biological datasets [11].

From a data-representation standpoint, gene expression matrices are a specific instance of tabular
1An advance in sequencing technology, which greatly improves throughput by parallelizing sequence reactions. [5]
2Some genes show zero expression due to low capture efficiency or amplification bias [1].
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INTRODUCTION

data, i.e. data organized as a two-dimensional array in which rows correspond to independent ob-
servations and columns correspond to descriptive features. In the case of microarray, bulk RNA-seq,
or scRNA-seq experiments, rows correspond to samples or individual cells and columns correspond
to genes, with each entry quantifying the expression level of a gene in a given sample or in a given
cell [12,13]. This structure differs fundamentally from the data types that have driven the recent success
of deep learning: unlike images, which exhibit strong local spatial correlation between neighbouring
pixels, or natural language, which exhibits sequential and syntactic dependencies between tokens, tab-
ular gene expression data has no intrinsic ordering among its columns, and permuting genes does not
alter the biological meaning of a sample. Gene expression data is also characterized by a specific mix of
homogeneity and heterogeneity. At the feature level, it is largely homogeneous: every column encodes
the same type of quantitative measurement (an expression value), unlike typical tabular datasets that
combine categorical, ordinal, and continuous variables. At the sample level, however, it is often strongly
heterogeneous, since observations may originate from different tissues, cell types, disease states, or ex-
perimental batches, introducing biological and technical variability that must be accounted for during
preprocessing [1,10]. Gene expression tables are further distinguished by their extreme dimensionality:
the number of genes (columns) typically reaches tens of thousands, while the number of samples (rows)
rarely exceeds a few thousand, even for scRNA-seq datasets, yielding the classical high-dimensional,
low-sample-size regime [14]. These properties place gene expression data among the most challenging
instances of tabular data for deep learning, and directly motivate the search for architectures able to
exploit, rather than ignore, this structure.

Deep learning has emerged as the leading methodology across many data-intensive fields since
2012, and its application to GRN inference is particularly compelling. Unlike classical machine learning
approaches that rely on heavy feature engineering, deep learning adopts a data-driven approach in which
lower layers learn feature representations and higher layers summarize the representations from the
lower layers and produce the inference result [11]. This makes deep learning especially suited to omics,
where it can discover regulatory patterns in biological sequences that would otherwise remain hidden.
However, deep learning models are by nature black boxes: they yield predictions without transparent
explanations of the underlying reasoning. In the context of GRN inference, this poses a fundamental
problem. GRNs are themselves interpretability tools, structured, human-readable representations of
regulatory logic. The goal of GRNs, which is to gain explanation of the information encoded in DNA,
motivates the use of Explainable Artificial Intelligence (XAI) techniques or of architectures embedding
interpretability mechanisms, which aim to make the reasoning of deep learning models transparent and
biologically meaningful.

Understanding the advantages and limitations of different network inference methods is critical for
their effective application in a given biological context [6]. Network inference methods have comple-
mentary advantages and limitations under different contexts. Given the biological variation among
organisms and the experimental variation among gene-expression data sets, it is difficult to determine
beforehand which methods will perform optimally for reconstructing an unknown regulatory network.
Methods have "inherent biases" toward certain connectivity patterns, and no single inference method
performs optimally across all biological contexts or network motifs. Furthermore, while integrated com-
munity networks were the gold standard for bulk transcriptomics, recent single-cell benchmarks suggest
that ensembles do not yet systematically outperform the best individual methods, making the search
for highly accurate, individual deep learning architectures even more critical [10]. The development
of new, diverse deep learning methodologies is therefore essential to capture the full complexity of the
regulatory landscape.

In this thesis, we benchmark multiple deep learning architectures embedding feature score mecha-
nisms or using XAI for GRN inference on single-cell RNA-sequencing and bulk sequencing data.

2



Chapter 1

State of the art

"Reverse-engineering", or inferring gene networks is the process of identifying gene interactions from
experimental data through computational analysis [3]. Gene expression data from microarrays, bulk
RNA-sequencing, or single-cell RNA-sequencing are typically used for this purpose. A lot of computa-
tional methods have been proposed to infer GRNs but their ideal scenario can differ a lot [5]. In this
chapter, we will first focus on machine-learning-based methods that have been the state of the art for
many years and that are still widely used in GRN inference. Then, deep learning method implemented
especially for inferring GRN will be explored.

1.1 Machine-learning-based methods
As stated in the name, this family of methods uses machine learning algorithms to infer the regula-
tory network. These kinds of algorithms can produce directed regulatory network by identifying the
direction of the regulation, and some of them provide ways to measure feature importance that can
be exploited for this purpose [5]. For this tabular data, tree-based machine learning methods have
been the gold standard outperforming deep learning and other machine learning architectures for a
long time [15]. In fact, tree-based-ensemble methods are particularly well-suited for this kind of data
because such methods do not need any assumption about the target function. A function can thus
be learned independently of its nature even non-linearity can be tackled. Tree-based methods also
work in the presence of a large number of features and since tabular data often provides more features
than examples, this once again shows that tree-based method seems to be perfectly suited. Moreover,
tree-based methods can deal with interacting features which is particularly interesting in the task of
gene regulatory network inference. In general, for this task, machine learning-based methods divide
the problem into subproblems. Each gene has its subproblem that tries to infer its regulator based on
the expression data [4]. Multiple algorithms are commonly used in the task of reverse-engineering gene
regulatory networks such as Random Forest (RF), Extra-Trees (ET), or Boosting [5].

1.1.1 Decision Tree (DT)

To define the Random Forest, one must first define a decision or regression tree. Trees divide the
samples based on decision made over features. A decision tree is a succession of decision leading to a
"terminal" node. Each node starting from the "root" will be divided into two child nodes, one to the
left and one to the right. This division is made upon a particular variable. The split is chosen based
on the minimisation of the criterion called Qsplit. This criterion is defined by

Qsplit = nLQL + nRQR,

where QL and QR are the criteria for the two candidates descendants and nL and nR are their sample
sizes. The forms of these criteria are based on the performed task. For a regression, the criterion is the
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CHAPTER 1 1.1. MACHINE-LEARNING-BASED METHODS

following:

Q = 1
n

n∑
i=1

(yi − ȳ)2,

where y1, ..., yn are the output value at the node and ȳ = 1
n

∑n
i−1 yi is the predicted value at the node.

This criterion gives a measure of "goodness of fit", with large values representing poor fit. If the task
is a classification, the criterion is of the form

Q =
K∑

k ̸=k′

p̂kp̂k′ ,

where there are K classes denoted 1, ..., K and p̂k is the proportion of class k observations in the node:

p̂k = 1
n

n∑
i=1

I(yi = k).

This criterion gives a measure "purity", with large values representing impure node.
Then the evaluation of the split variable on a sample will decide which of the two created nodes

will inherit this particular sample. Finally, when all remaining nodes are "final" nodes, the decision
tree is complete. The evaluation of a new sample will follow each decision step upon a "terminal"
node. Let l denote the terminal node and let yl1 , ..., yln denote the response values of the training
data in node l. The predicted value of the sample is either ĥ(x) = ȳl = 1

n

∑n
i=1 yli for regression, or

ĥ(x) = arg maxy

∑n
i=1 I(yli = y) for classification, where I(yli = y) = 1 if yli = y and 0 otherwise [16].

1.1.2 Random Forest (RF)

A Random Forest is an ensemble method based on the aforementioned decision tree. The random forest
builds a collection of trees, each grown using a bootstrap sample from the original data. A second
particularity of these trees is their decision. When splitting a node, the best split is not found over
the whole set of features but over a randomly selected subset. These particularities induce randomness
such that each tree can learn different patterns. Finally, the output of the random forest is a voting in
a classification task and an averaging in a regression task [16].

GENIE3 [4] The first machine learning-based GRN inference algorithm studied in this thesis is the
well-known GENIE3 algorithm. This algorithm is mainly based on the feature selection facility of
the Random Forest. GENIE3 decomposes the GRN inference problem into d independent regression
subproblems, one per target gene, where each gene’s expression is predicted from the expression of all
other candidate regulators. Each subproblem is solved by a Random Forest, and the variable importance
measures extracted from the learned forest are used to assign a confidence score wi,j representing
the predicted strength of the regulatory effect of each candidate regulator i on the target gene j.
Aggregating these scores across all target genes yields a weighted adjacency matrix over all gene pairs,
from which the regulatory network is derived [4].

Tree-based methods allow the computation of multiple importance measures in order to rank the
features. The measure used in the GENIE3 algorithm is a measure that computes the total reduction
of the variance of the output variable due to the split at each node N . This reduction is given by

I(N ) = #SVar(S) − #StVar(St) − #Sf Var(Sf ), (1.1)

where S denotes the set of samples that reach node N , St (resp. Sf ) denotes its subset for which
the test is true (resp. false), Var(·) is the variance of the output variable in a subset, and # denotes
the cardinality of a set of samples. To compute the importance of a feature in a tree, one sums this
measure for all nodes where this feature has been used to make the split. Then one averages this
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CHAPTER 1 1.1. MACHINE-LEARNING-BASED METHODS

feature importance measure over every tree in the forest to get the final gene importance measure [4].
It is worth noting, however, that despite being frequently described as interpretable, ensemble methods
like Random Forest operate as aggregates of hundreds of individual trees, and the resulting feature
importance scores are statistical summaries rather than direct causal statements. A high importance
score for gene i in the regression of gene j indicates predictive relevance, not necessarily a direct
regulatory relationship. Indirect influences mediated through correlated genes can inflate importance
scores in ways that are difficult to disentangle. This limitation motivates the search for methods that
perform more principled feature selection, explicitly identifying a sparse set of true regulators rather
than ranking all candidates by an aggregated proxy score [5, 17, 18]. However, despite this limitation,
this algorithm’s performance was validated in DREAM4 and DREAM5 challenges, discussed further
in Chapter 2 [4, 10].

1.1.3 Extra-Trees (ET)

Extra-Trees is another tree-based ensemble algorithm, building on the decision and regression tree
framework defined in Section 1.1.1. Like Random Forest, Extra-Trees constructs an ensemble of mul-
tiple trees. However, it differs in two important ways. First, each tree is trained on the whole learning
sample rather than on a bootstrap replicate, which aims to reduce bias. Second, and more distinctively,
Extra-Trees introduces randomization at the splitting stage: rather than searching for the optimal split
among a subset of K randomly selected features as Random Forest does, Extra-Trees additionally ran-
domizes the split threshold itself, selecting it uniformly at random within the range of each candidate
feature and retaining the best among these fully random splits [19]. This double source of random-
ization results in a stronger variance reduction through averaging. While Random Forest tends to
achieve lower bias on the training data, Extra-Trees generally exhibits stronger randomization, which
can translate into better generalization on unseen data [5].

GENIE3 [4] GENIE3 has also been applied using the Extra-Trees algorithm. The two versions of
GENIE3 gave comparable results, with however slightly better results obtained with Random Forest.

1.1.4 Boosting

While GENIE3, both the Random Forest version and the Extra-Trees version, represented a significant
step forward in GRN inference quality, their computational cost becomes a practical bottleneck as
dataset size grows. The rise of single-cell RNA sequencing technologies, capable of profiling the tran-
scriptional state of tens of thousands of individual cells simultaneously, dramatically increased both
the number of samples and the number of candidate regulators that inference algorithms must handle.
A Random Forest or Extra-Trees model trained independently for each target gene scales poorly under
these conditions, making genome-wide inference on large scRNA-seq datasets prohibitively slow. This
scalability challenge motivated the development of new algorithms which replaced the forest-based
learner with a gradient boosting framework that achieves comparable network recovery performance
at a fraction of the computational cost, making high quality GRN inference tractable at single-cell
scale [20].

GRNBoost2 [20] GRNBoost2 keeps the same decomposition strategy as GENIE3: the GRN infer-
ence problem is split into d independent regression subproblems, one per target gene, and a feature
importance score is extracted from the fitted model to build the weighted adjacency matrix over can-
didate regulator-target pairs. What changes is the underlying learner. Instead of an ensemble of
independently grown trees whose predictions are averaged, GRNBoost2 relies on a stochastic Gradi-
ent Boosting Machine (GBM) regressor [21], in which trees are grown sequentially, each one fitted on
the residual errors left by the previous trees, so that the ensemble is built as an additive expansion
rather than as a simple average. This sequential, error-connecting construction lets GRNBoost2 reach
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CHAPTER 1 1.2. DEEP LEARNING

competitive predictive performance with markedly fewer and shallower trees than GENIE3, and the
training procedure is further regularized through early stopping, which halts the addition of new trees
once the validation error stops improving, limiting overfitting and reducing training time. Feature
importances are extracted from the boosted model in the same way as GENIE3 on Random Forest,
by accumulating the variance-reduction criterion I(N ) (Equation 1.1) over every node where a given
regulator was selected for splitting, and then aggregating this score across all target-gene subproblems.
Because each subproblem requires substantially fewer trees to converge, GRNBoost2 offers large speed
gains over GENIE3 while achieving comparable accuracy on the DREAM5 benchmark, which makes
it particularly well suited to the sample sizes and regulator counts encountered in single-cell RNA-seq
datasets [20].

1.2 Deep learning

The advent of single-cell RNA sequencing (scRNA-seq) provides massive datasets that traditional bulk-
expression methods struggle to process due to high dimensionality, noise and data sparsity. This is the
primary driver for deep learning in this field [1]. In fact, in contrast to "shallow learning" algorithms,
deep learning performs inference tasks with a deep and hierarchical architecture where lower layers
learn the representations while higher layers summarize these representations and produce the result
of the inference. This makes deep learning especially useful in omics. These kind of algorithms could
discover patterns in biological sequences or measurements that are yet unknown.

Moreover, deep learning has achieved remarkable success in various other fields such as computer
vision or natural language processing thanks to data-driven approaches [11]. This success is in part
due to the learning capability, generalizability, and computational efficiency and more importantly its
representation learning ability. In addition, there is a similarity between biological sequences and nat-
ural languages [22]. For example, some sequence motifs serve as regulatory codes, and the interactions
between such codes serve as the regulatory grammar.

Deep learning is a general term for machine-learning algorithms that are made up of deep neural net-
works (DNNs) [11]. They consist of multiple artificial neural network layers which are data-processing
units that serve as non-linear transformation functions of their inputs. As each layer takes as input the
result from the previous layer, the transformation becomes increasingly complex when the number of
layers increases. These models are then trained by fitting themselves on the training data. This is done
thanks to the optimization of an objective function generally called the "loss function" using gradient
descent.

The following paragraphs will talk about the different families of deep neural networks and whether
or not promising architectures based on these families have been developed for the application of gene
regulatory network inference. We start with the simplest DNN, the MLP which underlies most of the
more specialized architectures described below.

1.2.1 Multi-Layer Perceptron (MLP)

Multi-Layer Perceptron or MLP, also called the fully connected feedforward network, is the most
popular family of deep neural networks [11]. The multi-layer perceptron is a succession of layers
composed of multiple neurons. Each neuron takes as input a weighted sum of the outputs of the
previous layer. The first layer is called the input layer and is fed with the input to be processed while
the last layer is called the output layer and gives us the prediction over the input data. An example
of a Multi-Layer Perceptron is depicted in Figure 1.1. The multi-layer perceptron directly takes the
data values as input and subsequently processes this input in one or more hidden layers. The output
layer finally summarizes the processed informations of the earlier hidden layers to produce the final
prediction.

There are no promising architectures using the plain multi-layer perceptron. However, this is the
base block for more complex architectures that will be talked about later.
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Input layer

Hidden layers

Output layer

Figure 1.1: Multi-Layer Perceptron with three hidden layers.

1.2.2 Convolutional Neural Networks (CNNs)

After the success in image recognition, convolutional neural networks or CNNs have been tested on
raw biological sequence data such as DNA, RNA, or protein sequences. CNNs have proven to be very
useful in these types of data [11].

A CNN is generally used on a matrix and is (mainly) composed of convolutional layers. A convo-
lutional layer is defined by a set of kernel uk of size C × h × w where k ∈ K. This kernel applies a
2d convolution operation to the input tensor x of size C × H × W to produce feature maps ok with
k ∈ K [23]. Mathematically, this 2d convolution with C channels can be defined for the 3d input tensor
x ∈ RC×H×W and the 3d convolutional kernel u ∈ RC×h×w where h ≤ H and w ≤ W (if there is no
padding), as

(x ⊗ u) [j, i] =
C−1∑
c=0

h−1∑
n=0

w−1∑
m=0

xc,n+j,m+iuc,n,m,

C denotes the number of channels, H ×W denotes the spatial dimensions and h×w denotes the kernel
size. An example of a convolutional neural network is depicted on the Figure 1.2. For a more readable
figure, C, H, h and K have all been set to 1.

There are multiple convolutional neural network-based GRN inference algorithms such as Convo-
lutional Neural Network for Coexpression (CNNC) [24]. However, these algorithms and in particular
CNNC are mainly supervised which is not the scope of this thesis. Indeed, comparing the performance
of supervised and unsupervised methods is methodologically problematic. This motivates restricting
the scope of this thesis to the latter. Supervised methods such as CNNC are trained on a subset of
known interactions and evaluated on a held-out subset of the same reference network, meaning that
part of the ground-truth is, by construction, already available to the model during training. Unsuper-
vised methods, in contrast, receive no such information and must infer the entire network structure
from expression data alone, with the reference network used only post hoc for evaluation. As a result, a
direct comparison of performance metrics between the two paradigms tends to favor supervised meth-
ods unfairly, since they are partially evaluated on a task closer to interpolation within a known network
rather than genuine discovery [10]. This discrepancy makes benchmark results across paradigms diffi-
cult to interpret on equal footing, and is a further reason why this thesis concentrates on comparing
unsupervised approaches among themselves rather than against supervised baselines.
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0

0

Input layer

Convolutional layers

Output layer

Fully connected layers

Figure 1.2: Convolutional Neural Network with the input layer x ∈ R1×1×6 and the convolutional
kernel u ∈ R1×1×3. The first convolutional layer is a simple one without padding but the second one
has a padding of one represented by the two dashed neurons which value is set to 0. There is also 3
fully connected layers leading to the output layer.

1.2.3 Autoencoders and Variational Autoencoders (VAEs)

An autoencoder (AE) is a type of neural network designed to learn a compressed, lower dimensional
representation of its input in an unsupervised manner [25–27]. Unlike the MLP and CNN architectures
described above, which are typically trained to map an input to an external label, an autoencoder is
trained to reconstruct its own input. It is composed of two parts: an encoder (f), which maps the input
x to a lower-dimensional latent representation z, and a decoder (g), which attempts to reconstruct the
original input x̂ from z. Both the encoder and the decoder are generally implemented as multi-layer
perceptrons. Encoders composed of convolutional layers can also be combined with decoders composed
of transposed convolutional layers. The network is trained by minimizing a reconstruction loss, typically
the mean squared error between the input and its reconstruction,

LAE(x, x̂) = ∥x − x̂∥2,

where x̂ is the result of input x after evaluation by the autoencoder. More formally given the encoder
f and the decoder g, the loss is given by

LAE = ∥x − g ◦ f(x)∥2.

Because the latent space z is of much lower dimension than the input, the network is forced to learn a
compact representation that captures the most salient features of the data, which makes autoencoders
particularly attractive for high-dimensional and noisy data such as scRNA-seq counts.

A variational autoencoder (VAE) extends this idea by treating the latent representation proba-
bilistically rather than deterministically [28, 29]. Instead of encoding an input as a single point z,
the encoder outputs the parameters (mean µ and variance σ2) of a probability distribution qϕ(z | x),
typically assumed Gaussian, from which a latent vector is sampled before being passed to the de-
coder. This turns the autoencoder into a generative model: once trained, new data points can be
generated by sampling z directly from a prior distribution pθ(z) (usually N (0, I)) and decoding it. To
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make this sampling step compatible with gradient-based training, the reparameterization trick is used,
whereby z = µ + σ ⊙ ϵ with ϵ ∼ N (0, I) [28]. The VAE is trained by maximizing the evidence lower
bound (ELBO), which combines the reconstruction term with a regularization term that encourages
the approximate posterior qϕ(z | x) to remain close to the prior pθ(z):

LV AE = Eqϕ(z|x) [log pθ(x | z)] − DKL (qϕ(z | x) ∥ pθ(z)) ,

where ϕ and θ denote the parameters of the encoder and decoder networks respectively, and DKL

denotes the Kullback-Leibler divergence, a measure of how much one probability distribution differs
from another [30]. Intuitively, the first term encourages accurate reconstruction of the input while
the second regularizes the latent space by keeping the encoder’s output distribution close to the prior
pθ(z), which prevents the latent space from fragmenting into disconnected regions. This is what gives
the VAE its generative capability. This probabilistic formulation gives VAEs two properties that are
particularly relevant for scRNA-seq analysis: a smoother, more structured latent space than that of
a plain AE, and an explicit generative mechanism that naturally accounts for the noise and dropout
events characteristic of single-cell measurements [31,32].

Autoencoders and VAEs have accordingly been used for dimensionality reduction, denoising, and
visualization of scRNA-seq data [33]. However, in their standard form, no architecture explicitly
models directed relationships between genes: the latent space captures a compressed representation
of the overall expression profile of a cell, but does not by itself indicate which genes regulate which.
This limitation motivates architectures that embed an explicit model of gene-gene regulatory structure
directly into the encoder or decoder. This approach is adopted by DeepSEM [32] described in the next
paragraph.

DeepSEM [32] DeepSEM adapts the variational autoencoder framework described above to ex-
plicitly infer a gene regulatory network, rather than only a generic latent representation of the data.
It builds on the linear structural equation model (SEM), a classical formalism from causal discovery
in which each observed variable is expressed as a weighted linear combination of the others, plus an
independent noise term. For a set of d genes, this can be written as

x = AT x + z,

where x is the vector of observed gene expression values, z is a vector of independent noise terms
following a Gaussian distribution, and A ∈ Rd×d is a weighted adjacency matrix in which entry Aij

represents the strength of the regulatory effect of gene i on gene j. Rearranging this expression gives

x = (I − AT )−1z,

meaning that A fully determines how the noise variables z are transformed into the observed expression
profile x: inferring A is therefore equivalent to inferring the gene regulatory network itself [34].

DeepSEM embeds this transformation directly inside a VAE. Instead of using a standard prior pθ(z)
and a neural network decoder as described in the previous section, the decoder is replaced by the SEM
transformation (I − AT )−1 applied to a latent noise vector z sampled by the encoder, with A treated
as an additional set of learnable parameters shared across all cells. The encoder, conversely, takes
the expression profile of a gene as input and produces the parameters of the approximate posterior
qϕ(z | x), following the same reparameterization scheme as a standard VAE. The full model is trained
by maximizing a modified ELBO, weighted by a coefficient β on the KL term (a β-VAE [35]) to better
balance reconstruction accuracy against the regularization of the latent space, and augmented with an
ℓ1 sparsity penalty on A, which reflects the biological prior that regulatory networks are sparse (i.e.,
that most gene pairs do not directly regulate one another). Concretely, this modifies the original ELBO
from the previous section by introducing a weight β on the KL term:

LV AE(β) = Eqϕ(z|x) [log pθ(x | z)] − β DKL (qϕ(z | x) ∥ pθ(z)) ,
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which reduces to the standard VAE objective LV AE when β = 1. Increasing β places more emphasis
on matching the prior, encouraging a smoother and more disentangled latent space at the cost of
reconstruction accuracy, while decreasing it favors accurate reconstruction over regularization [35]. We
can thus define the modified ELBO to minimize:

LDeepSEM = −LV AE(β) + λ∥A∥,

where λ controls the strength of the sparsity constraint. Notably, and unlike other neural SEM-based
causal discovery methods such as DAG-GNN [34], DeepSEM does not enforce an explicit acyclicity
constraint on A, which simplifies training at the cost of allowing the inferred network to contain cycles.
This is a reasonable trade-off in the context of gene regulation, where feedback loops are biologically
common.

Once trained, the learned matrix A directly provides a weighted, directed gene regulatory network,
while the latent space learned by the encoder simultaneously offers a denoised, lower-dimensional
representation of the scRNA-seq data that can be used for downstream tasks such as clustering or
visualization, making DeepSEM an all-in-one framework for single-cell data analysis rather than a GRN-
inference method alone [32]. DeepSEM was shown to outperform earlier unsupervised GRN inference
methods such as GENIE3, GRNBoost2, PIDC and SCODE on the BEELINE benchmark [10]. However,
subsequent work has reported that its performance can vary substantially across independent training
runs, an instability attributed to the interaction between the ℓ1 sparsity term and the optimization
dynamics of A early in training [36].

1.2.4 Explainable AI and Layer-wise Relevance Propagation

As deep neural networks have grown deeper and more complex, understanding why a given model
produces a particular prediction has become increasingly difficult, since the transformation from input
to output results from the composition of many non-linear layers. Explainable AI (XAI) refers to a
family of methods designed to address this issue, by attributing a model’s prediction back to its input
features, thereby indicating which parts of the input were most responsible for a given output [37]. In
the context of gene regulatory network inference, this attribution can be repurposed: if a neural network
is trained to predict the expression of one gene from the expression of others, an XAI method can reveal
which of the other genes contributed most to that prediction, and can therefore be interpreted as a
proxy for a regulatory relationship.

Among the various XAI techniques developed for neural networks, Layer-wise Relevance Propa-
gation (LRP) [38] is a backward decomposition method originally introduced to explain individual
predictions of feedforward and convolutional neural networks. Rather than relying on gradients, LRP
operates by propagating a relevance score backward from the output layer to the input layer. The
propagation obeys a conservation property, meaning that the relevance received by a neuron must be
redistributed to the lower layer: for layer l + 1 propagating relevance back onto layer l,

R
(l)
i =

∑
j∈I(l+1)

zij∑
k∈I(l) zkj

R
(l+1)
j ,

where I(l) is the index set of neurons in layer l, R
(l)
i is the relevance assigned to neuron i in layer l, and

zij models the contribution of neuron i to make neuron j relevant in the next layer, typically, computed
from the corresponding weight and activation values [37, 38]. This ensures that ∑

i∈I(l) R
(l)
i = f(x) at

every layer l, where f(x) is the network’s output for input x: no relevance is created or destroyed
during propagation; it is only redistributed among the neurons of the previous layer. Starting from the
output neuron of interest, whose relevance is initialized to the network’s predicted value, this process
is repeated layer by layer until the input feature has been assigned a relevance score reflecting its
contribution to the prediction.
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This property makes LRP particularly attractive for GRN inference: applied to a network trained to
predict gene expression, it yields relevance scores for each input gene with respect to a given predicted
target gene, and these scores can be interpreted as the strength of a directed regulatory relationship
between them, as adopted by scGeneRAI, described below.

scGeneRAI [9] scGeneRAI applies the LRP framework described above to infer gene regulatory
networks at the resolution of individual cells, rather than only at the level of an entire cell population.
The core idea is to train a single multi-layer perceptron to predict the expression of an arbitrary subset
of genes from the expression of the remaining genes for a given cell, and then use LRP to attribute this
prediction back to the individual input genes.

Concretely, for a dataset of M cells, and d genes, the input to the network for a given cell is its full
expression profile, in which a randomly selected subset of genes is masked at each training iteration;
the network is trained to reconstruct the expression values of the masked genes from the remaining,
unmasked ones. Because the choice of masked genes is randomized across iterations, a single trained
network learns to predict any gene from any arbitrary combination of other genes, rather than requiring
one dedicated model per target gene. Once trained, LRP is applied for each cell and for each target
gene in turn: a random subsample of the genes containing the target gene is masked, the expression
of the latter is predicted, and LRP propagates the corresponding relevance score back to every other
gene used as input, yielding a relevance value between the target gene and each candidate regulator.
This procedure is repeated for many random masks and for every gene taken as target, producing a
full matrix of pairwise relevance scores for that cell, which is interpreted as a cell-specific, directed gene
regulatory network.

Because this procedure is repeated independently for every cell, scGeneRAI is able to reconstruct
a distinct regulatory network for each individual cell in a dataset, rather than a single network aver-
aged over a population, as is the case for most other unsupervised GRN inference methods, including
DeepSEM. The authors validated this approach on synthetic scRNA-seq data with known ground-truth
networks derived from the BEELINE framework [9].
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Chapter 2

Methods and datasets

This chapter presents the methods and data used to address the problem of network inference from
tabular data. The two neural network architectures at the core of this work, LassoNet and TabNet, both
designed to combine predictive performance with built-in feature selection are first introduced. Then,
the methodology developed to translate the feature importance produced by these models into inferred
network structure are described. First through a direct feature-importance approach and then through
a more robust stability selection framework. Finally, the benchmark methods used for comparison and
the performance metrics used to evaluate and compare all approaches are presented.

2.1 Architectures
This section introduces the two neural network architectures used throughout this thesis: LassoNet
and TabNet. Both models were selected for their ability to perform automatic feature selection during
training, which makes them particularly well suited to the task of network inference, where identifying
the most relevant input variables is as important as achieving good predictive performance. We describe
the theoretical foundations of each architectures, their main components, and the mechanisms by which
they produce feature importance scores.

2.1.1 LassoNet

LassoNet is a feed-forward neural network architecture that incorporates a sparsity-inducing mech-
anism inspired by Lasso regression, enabling simultaneous learning and feature selection [39]. The
architecture, shown in Figure 2.1, is built such that only a subset of the input features are used by
the network. This sparsity is enforced through an input-to-output skip-layer connection: a feature is
allowed to have non-zero weight in the network only if its associated skip-layer connection is active.

The LassoNet objective function is the following:

min
θ,W

L(θ, W ) + λ∥θ∥1, (2.1)

where θ ∈ Rd denotes the weights in the residual layer, W denotes the remaining weights and L(θ, W )
is the empirical loss. It is defined as

L(θ, W ) = 1
n

n∑
i=1

ℓ(fθ,W (xi), yi),

where the dataset consists of n samples {xi, yi}n
1 and ℓ is a loss function such as squared-error, cross-

entropy or misclassification rate.
The sparsification of the network is achieved by enforcing the following constraint during the min-

imization of the loss: ∣∣∣W (1)
jk

∣∣∣ ≤ M · |θj | , k = 1, ..., K,
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Figure 2.1: LassoNet architecture with the single residual connection in green and an arbitrary
feed-forward network in black. In this thesis the feed-forward network is a simple MLP. Figure taken
from [39].

where W
(1)
j denotes the weight for feature j in the first hidden layer, K denotes the number of units

in the first hidden layer, and θj denotes the residual weight associated with feature j. M is a hyperpa-
rameter governing the trade-off between sparsity and model flexibility. This constraint ensures that a
feature can only influence the hidden layers if its associated residual weight θj is non-zero, effectively
tying the activity of each feature across the entire network to a single coefficient.

In the context of gene regulatory network inference, the magnitude |θj | of the residual weight
associated with each input gene j serves as a natural feature importance score. A larger value of |θj |
indicates that gene j has a stronger influence on the prediction of the target gene’s expression, and
can therefore be considered a stronger candidate regulator. This score can directly be used within a
GENIE3-like framework described in Section 2.2.1 to rank candidate interactions.

The level of sparsity is controlled by λ in Equation 2.1, λ is the ℓ1-penalty coefficient: higher values of
λ encourage sparser models by penalising non-zero residual weights more strongly. Some regularization
paths produced across multiple stability selection experiments are illustrated in Figure 2.4 in which
one can see multiple λ values as well as the associated loss and number of selected feature.

All the result for the LassoNet architecture have been computed with the following hyperparameters:

• hidden_dims: the number of neurons in each hidden layer has been set to (5, 5), which corresponds
to a small network. The default value is (100, ) but smaller networks were preferred here to limit
computational cost as the GENIE3-like methodology requires training one model per target gene.

• path_multiplier : LassoNet computes the regularization path by starting from λstart and multiply-
ing the current λ value by path_multiplier at each step. This value has been kept to its default
of 1.1, which offers a reasonable trade-off between training speed and path precision. Smaller
values such as 1.01 would yield a finer regularization path at the cost of increased computation
time.

• lambda_start: kept to its default value "auto", which allows the model to select a starting
regularization value automatically thanks to a heuristic unpublished by the authors of [39]. A
value that is too small results in the model remaining dense for an unnecessarily long time, while
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a value that is too large causes the number of selected features to decrease too rapidly, reducing
the accuracy of the regularization path.

• gamma: kept to its default value of 0.0, meaning no L2 penalty is applied to the network weights.
A small non-zero value could improve performance on small datasets. However, some different
values for gamma have been tested with no significant improvement of the model.

• other standard MLP training parameters (dropout, batch_size, patience, ...) have been kept to
their default values.

2.1.2 TabNet

Despite the success of deep learning in many domains, its application to tabular data remains limited,
and tree-based ensemble methods continue to dominate most practical applications [40]. To address
the limitations of standard deep learning architectures on tabular data, TabNet was proposed as a
dedicated neural network architecture. Its design departs from conventional approaches in several
important ways.

Rather than requiring feature engineering or preprocessing, TabNet operates directly on raw tabular
inputs and is trained end-to-end using gradient descent. Its most distinctive feature is the use of
sequential attention, which allows the model to select, at each step of its decision process, which
subset of features to focus on. This selection is instance-wise meaning it can differ from one sample
to another, allowing the model to adapt its reasoning to the specific characteristics of each input. By
concentrating its learning capacity on the most relevant features at each step, the model avoids wasting
representational power on uninformative inputs.

This design also confers interpretability properties at two levels. Locally, one can inspect which
features were selected for a given prediction and how they were combined, providing insight into
individual decisions. Globally, the contribution of each feature can be aggregated across all samples to
quantify its overall importance to the trained model. These properties are particularly relevant in the
context of gene regulatory network inference as knowing which genes drive a prediction is what makes
the gene regulatory network prediction [4].

The key insight behind TabNet is to reproduce a decision-tree-like process within a deep learning
framework by handling individual feature selection carefully. In a decision tree, the decision boundary
at each node can be seen as a linear combination of a small subset of features, where most coefficients
are zero. TabNet is designed to replicate this behaviour while overcoming the limitations of decision
trees, through four core design choices.

First, feature selection is sparse and instance-wise, meaning that for each input, only a small and
potentially different subset of features is selected, mimicking the local nature of decision tree splits.

Second, the architecture is sequential and multi-step, where each step focuses on a different portion
of the decision, allowing the model to decompose complex decisions into simpler sub-decisions in a
manner analogous to the successive splits of a decision tree.

Third, the selected features at each step are processed through non-linear transformations, giving
the model greater expressive power than a standard decision tree while retaining its interpretable
structure.

Fourth, the use of multiple steps combined with higher-dimensional representations introduces a
form of implicit ensembling, capturing the variance reduction effect that makes ensemble methods such
as Random Forest and Extra-Trees so effective on tabular data.

The overall TabNet architecture for encoding tabular data is shown in Figure 2.2. The input to the
network consists of raw numerical features, while categorical features are handled through trainable
embeddings. Rather than applying global feature normalization, TabNet relies on batch normalization
(BN)1 applied locally. The same d-dimensional feature vector f ∈ RB×d is passed to each decision

1Batch normalization works by re-centering and re-scaling the input values.
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step, where B denotes the batch size, and d the number of genes. The encoding process is sequential,
consisting of Nsteps decision steps, where each step receives the processed representation from the
previous step to determine which features to attend to, and produces an output that is aggregated into
the final decision.

(a) TabNet encoder architecture (b) TabNet decoder architecture

(c) Feature transformer block
(d) Attentive transformer
block

Figure 2.2: Overview of the TabNet architecture, (a) the encoder, (b) the decoder, (c) the feature
transformer block, and (d) the attentive transformer block. Each component is described in detail in
the text. Figures have been taken from [40].

Each decision step is composed of two main building blocks, illustrated in Figure 2.2. The feature
transformer (Figure 2.2c) processes the selected features through a four-layer network, where two layers
are shared across all decision steps and two are step-specific, each consisting of a fully-connected layer
followed by batch normalization and a Gated Linear Unit (GLU) nonlinearity. Sharing a subset of layers
across steps allows the model to retain common representations while adapting to the specific features
selected at each step. The attentive transformer (Figure 2.2d) is responsible for feature selection:
it produces a sparse mask over the input features using sparsemax normalization, modulated by a
prior scale term that keeps track of how much each feature has already been used in previous steps,
encouraging the model to spread its attention across different features rather than repeatedly selecting
the same ones.

A split block then divides the output of the feature transformer into two parts: one is passed to the
attentive transformer of the next step to inform subsequent feature selection, and the other contributes
to the overall output representation. The masks produced at each step also serve an interpretability
purpose, as they can be inspected individually to understand which features were used at each stage
of the decision process, or aggregated across steps to obtain a global measure of feature importance.

Feature selection At each decision step i, a learnable mask M [i] ∈ RB×D is applied multiplicatively
to the input features, selecting only the most relevant ones for that step. This sparse selection ensures
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that the learning capacity of each step is focused on the most salient features, making the model
more parameter efficient. The mask is computed by the attentive transformer using the processed
representation from the preceding step a[i − 1]:

M [i] = sparsemax(P [i − 1] · hi(a[i − 1])),

where hi is a trainable function implemented as a fully-connected layer followed by batch normalization,
and sparsemax normalization encourages sparsity by projecting onto the probabilistic simplex, ensuring
that ∑D

j=1 M [i]b,j = 1 while pushing most coefficients towards zero.
The prior scale term P [i] controls how much each feature has already been used across previous

steps:

P [i] =
i∏

j=1
(γ − M [j])

= (γ − M [i])
i−1∏
j=1

(γ − M [j])

= (γ − M [i]) · P [i − 1],

where γ is a relaxation parameter. When γ = 1, each feature can only be selected at a single decision
step, enforcing strict feature specialisation across steps. As γ increases, features are allowed to appear
at multiple steps, providing more flexibility. P [0] is initialised as all ones, reflecting the absence of any
prior preference over features at the first step.

To further encourage sparsity, an entropy-based regularization term is added to the training loss:

Lsparse =
Nsteps∑

i=1

B∑
b=1

D∑
j=1

−Mb,j [i] log(Mb,j [i] + ϵ)
Nsteps · B

,

where ϵ is a small constant added for numerical stability. This term is weighted by a coefficient
λsparse and added to the overall loss, allowing the degree of sparsity to be controlled during training.
This sparsity-inducing inductive bias is particularly relevant in the context of gene regulatory network
inference, where the number of true regulatory interactions is small relative to the total number of
possible gene pairs, and where selecting only a handful of relevant input genes at each step mirrors the
sparse nature of the underlying biological regulatory mechanism [4,10].

Feature processing After feature selection by the attentive transformer, the filtered features are
processed by the feature transformer and its output is split into two parts:

[d[i], a[i]] = fi(M [i] · f),

where f ∈ RB×D still denotes the D-dimensional feature vector, d[i] ∈ RB×Nd contributes to the overall
output of the encoder at step i, and a[i] ∈ RB×Na is passed to the attention transformer of the next
step to inform subsequent feature selection.To stabilise training and prevent variance from accumulating
across the network, the outputs are normalised by a factor of

√
0.5.

Interpretability The feature selection masks produced by the attentive transformer at each decision
step provide a natural interpretability mechanism. For a given sample b and feature j, a mask value of
Mb,j [i] = 0 at step i indicates that feature j has no contribution to the decision at that step. While each
decision step applies non-linear transformations to the selected features, the outputs of all steps are
combined linearly, which makes it possible to define a meaningful measure of global feature importance.
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To aggregate feature importance across all decision steps, a coefficient ηb[i] is introduced to weight
the relative contribution of each step to the overall decision:

ηb[i] =
Nd∑
c=1

ReLU(db,c[i]).

Intuitively, if all outputs db,c[i] at a given step are negative, that step contributes nothing to the final
decision and its mask should be discounted accordingly. The aggregate feature importance mask is
then defined as:

Magg−b,j =
∑Nsteps

i=1 ηb[i]Mb,j [i]∑D
j=1

∑Nsteps
i=1 ηb[i]Mb,j [i]

.

This quantity measures, for each sample b, the relative importance of feature j across all decision
steps, normalised so that importances sum to one. In the context of gene regulatory network inference,
Magg−b,j can be interpreted as a measure of how much gene j contribute to predicting the expression
of the target gene for sample b. By averaging this quantity across all samples, one obtains a single
importance score per input gene, which can then be used to rank candidate pairs of genes in a GENIE3-
like framework described in Section 2.2.1.

2.2 Methodology
This section describes the methodology developed to infer networks from the feature importance scores
produced by LassoNet and TabNet. Two complementary approaches are presented: a straightforward
method based directly on the feature importance output by the models, and a more robust approach
based on stability selection, which aims to improve the reliability of the inferred connections. The
benchmark methods used to contextualize the results, as well as the performance metrics used to
evaluate all approaches, are also introduced.

2.2.1 Network inference using simple Feature Importance

The first idea is based on the GENIE3 [4] method that decomposes the problem of gene regulatory
network inference involving d genes into d regression problems. Then one exploits a feature importance
measure of the method to build the overall pairwise interaction ranking. A summary of the methodol-
ogy can be found in Figure 2.3. In this thesis, both the LassoNet and TabNet architectures have been
tested using this methodology, exploiting the feature importance directly derived from their respec-
tive architectures. The results of these approaches will be analysed in Chapter 3. TabNet, despite its
attention-based feature selection mechanism designed for tabular data, yielded significantly less promis-
ing results than LassoNet in the context of gene regulatory network inference. This may be attributed
to the fact that TabNet’s instance-wise feature selection, while powerful for classification and regression
tasks on tabular data, does not translate straightforwardly into a reliable gene importance score when
aggregated across the d subproblems of the network inference methodology. For this reason, no further
methodology was developed around TabNet, and only the results obtained using its built-in feature
importance mechanism will be reported in Chapter 3. In contrast, the feature importance derived from
LassoNet’s skip-layer connection weights showed more consistent results, motivating the development
of a more stable methodology built around it. Indeed, a single LassoNet training’s feature importance
score can lack robustness, since it depends on one particular realisation of the training process. This
motivated the more stable methodology described in the following section.

2.2.2 Network inference using Stability Selection

Stability selection [41] Stability selection is a general framework designed to enhance and improve
the reliability of feature selection methods. It does so by quantifying how consistently each feature is
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Figure 2.3: Network inference using Feature Importance. For each gene j = 1, ..., d, a learning
sample LSj is created with gene j as output and every other genes as input. A local ranking of all
genes except j is computed from the learning of LSj . The d local rankings are then aggregated to
get a global ranking of all interactions. The feed-forward neural network can be any architecture that
provides a way to compute feature importance. Figure adapted from [4].

selected across different resamples of the data. It builds on the concept of regularization paths, defined
as the evolution of each variable’s coefficient as the regularization parameter λ varies over a set Λ ⊆ R+:

{β̂λ
k ; λ ∈ Λ, k = 1, ..., d},

where λ controls the amount of regularization and k = 1, ..., d indexes the d input features, corre-
sponding to the d genes in the gene regulatory network inference setting and β̂λ

k denotes the estimated
coefficient of variable k under regularization level λ.

Rather than relying on a single regularization path computed on the full dataset, stability selection
repeatedly resamples the data and runs the feature selection method on each subsample. Specifically,
for each resample, a random subset I ⊆ {1, ..., n} of size

⌊
n
2

⌋
is drawn becoming an element of the set

I, the set of all resamples. On each subset I, a feature selection model is trained, and the selected set
Ŝλ(I) denotes the set of features whose estimated coefficient is non-zero when the model is trained on
subsample I at regularization level λ:

Ŝλ(I) =
{

k ∈ {1, ..., d} : β̂λ
k (I) ̸= 0

}
.

This selected set is computed for each value of λ ∈ Λ and the procedure is repeated across many
independent resamples. Using half the data at each resample is a deliberate choice made by the authors
of [41] that introduces sufficient variability between experiments while retaining enough observations
for reliable estimation. The stability path for each variable k is then defined as its selection probability
across resamples:

Π̂λ
k = P ∗(k ∈ Ŝλ(I)),

for λ ∈ Λ, where P ∗ denotes the probability taken over all random subsamples I ∈ I. A variable
that is consistently selected across resamples will have a high selection probability Π̂λ

k , while a variable
whose selection is sensitive to the particular subsample used will have a low and unstable selection
probability. This provides a more robust measure of feature importance than a single regularization
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path, as it filters out features whose selection is an artefact of the specific data realisation rather than
a genuine signal.

Throughout this section, the hat notation, ·̂, denotes an estimated quantity rather than a true
population quantity. Specifically, β̂λ

k denotes the estimated coefficient of variable k at regularization
level λ as produced by the feature selection algorithm on a finite dataset, as opposed to the true
unknown coefficient βλ

k that would be obtained with infinite data. Similarly, Π̂λ
k denotes the empirically

estimated selection probability of variable k at regularization level λ, computed from a finite number
of resamples, as opposed to the true selection probability Πλ

k that would be obtained with infinitely
many resamples.

In the standard stability selection framework, λ is a fixed external hyperparameter and the set Λ
of values tested is defined by the practitioner. However, we proceed as in [39]: starting from λstart, the
algorithm automatically explores a sequence of increasing λ values by multiplying λ by path_multiplier
at each step, defining its own Λ internally. Stability selection is therefore at the level of the resampling
only; for each subsample I ∈ I, LassoNet is run independently and produces its own regularization
path over its own set Λ, which may differ slightly between experiments due to the stochastic nature
of the training process. As illustrated in Figure 2.4, each stability selection experiment produces a
different path, both in terms of the λ values explored and the order in which features are removed
as regularization increases. Despite this difference from the standard formulation, the core benefit
of stability selection is preserved: by aggregating results across multiple independent resamples, one
obtains selection probabilities Π̂λ

k that are more robust to the randomness of any individual training
run. These probabilities are then used to define the feature importance scores described in the following
paragraphs.

Base feature order A first natural idea would be to use the feature rank directly output by Las-
soNet’s stability selection procedure as a gene importance score. However, this approach does not
extend to the network inference setting, where d separate experiments are conducted, one per target
gene. Since each rank maps to a different gene depending on the experiment considered, there is no
natural way to aggregate these per-experiment ranks into a single global ranking without introducing
an arbitrary choice. This limitation motivates the use a continuous importance score rather than a
discrete rank, as introduced below.

Feature score using probability Two variants of a continuous feature importance score are intro-
duced, both based on the selection probabilities produced by LassoNet’s stability selection procedure.
For each gene k = 1, ..., d and each subset I ∈ I, one defines the empirical selection probability:

pk,I = n(Sk
I )

n(ΛI)

where n(Sk
I ) denotes the number of λ values in the resample I for which gene k was selected, and n(ΛI)

denotes the total number of λ values tested during that resample, so that pk,I ∈ [0, 1].
The mean probability score for gene k is then defined as the average of pk,I across all stability

selection resamples:
MeanProbk = 1

|I|
∑
I∈I

pk,I . (2.2)

where |I| denotes the number of resamples in the stability selection process. A high value of MeanProbk

indicates that gene k is consistently selected across resamples and regularization levels, suggesting a
robust regulatory relationship with the target gene. This quantity is closely related to the selection
probability Π̂λ

k introduced in the stability selection framework of Section 2.2.2. While Π̂λ
k measures the

probability of gene k being selected at a specific regularization level λ, MeanProbk summarises this
information across the entire regularization path by counting the proportion of λ values for which gene
k was selected. It can therefore be seen as an average of Π̂λ

k over all λ considered in all the resamples.
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CHAPTER 2 2.2. METHODOLOGY

Figure 2.4: Stability selection paths. Each colour corresponds to a different stability selection
experiment, i.e. a different random subsample of the data. The top panel shows the empirical loss
as a function of the number of selected features. The middle panel shows the loss as a function of λ.
The bottom panel shows the number of selected features as a function of λ, illustrating how increasing
regularization progressively removes features from the model. Note that the set of λ values explored
differs between experiments, reflecting the stochastic nature of the training process.
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A normalised variant of this score is also defined as:

MeanProbNormk = MeanProbk∑d
k=1 MeanProbk

. (2.3)

The normalization of the mean probability score is motivated by the need to ensure comparabil-
ity across target genes. Since each target gene experiment may be conducted over different sets of
regularization parameter Λ, the raw mean probability scores MeanProbk may systematically differ
in magnitude depending on the range of the regularization paths considered. By normalising with
respect to the sum of all feature scores, MeanProbNormk places each target gene on a common scale,
allowing for a fair comparison of variable importance across experimental settings with potentially dif-
fering regularization scales. However, this normalization may come at a cost when aggregating variable
importances across the d experiments. If a variable is consistently assigned high selection probability
across the regularization path in a given target gene experiment, its normalised score is diluted by the
sum of all other feature scores within that experiment. When these normalised scores are then aggre-
gated across target genes, this dilution effect accumulates, potentially reducing the discriminant power
of MeanProbNormk precisely for the variables the method selects with higher confidence. This is an
undesirable property in the context of gene regulatory network inference. Both scores are compared
empirically in Chapter 3.

2.2.3 Benchmarks

In this thesis, three benchmarks were used to assess the quality of the different methods. The first two
come from the DREAM project. The datasets are called DREAM4 and DREAM5. The last one is the
BEELINE benchmark. These benchmarks will be talked about in the next paragraphs.

DREAM

DREAM or Dialogue for Reverse Engineering Assessments and Methods is a community-designed
project run by researchers to find solutions for biomedical problems and promote collaboration [4–6].
It takes place as annual competition during which researchers compete and exchange on biomedical
problems.

DREAM4 During the DREAM4 edition of this competition, one challenge concerned in silico reg-
ulatory network inference. The results the tested methods have achieved in the In Silico Size 100
Multifactorial challenge will be reported in the Chapter 3.

The goal of the In Size 100 Multifactorial challenge was to infer five networks of d = 100 genes each
from multifactorial perturbation data [4].

The data provided by DREAM4 comes from a software called GeneNetWeaver. This software can
generate benchmark networks and datasets and analyze the performance of GRN inference methods.
It works by extracting the topological structure of regulatory networks in Escherichia coli and Saccha-
romyces cerevisiae to form the benchmark network [5]. The benchmark is then simulated to generate
steady-state expression data.

DREAM5 The second dataset used is one coming from the DREAM5 edition of the DREAM compe-
tition. During this edition, experts were asked to infer genome-scale transcriptional regulatory networks
from gene-expression microarray data sets for a prokaryotic model organism (E.coli), a eukaryotic model
organism (S. cerevisiae), a human pathogen (S. aureus) and an in silico benchmark [6]. The latter is
the DREAM5 dataset used in this thesis to assess the result of the tested algorithms. This dataset is
composed of 1643 genes among which there are 195 regulators.

These datasets have been the gold standard benchmark used to assess methods’ performance for a
long time. Born from a competition, these datasets have outlasted the event itself and become the de
facto standard against which any new inference method must prove itself.
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BEELINE

BEELINE is a comprehensive evaluation framework to assess the accuracy, robustness and efficiency
of GRN inference methods for single-cell gene expression [10]. It was developed to address the unique
challenges of single-cell transcriptomics, such as high dimensionality and data sparsity, which traditional
bulk benchmarks like DREAM4 and DREAM5 do not fully cover [1]. It directly incorporates diverse
GRN inference algorithms such as GENIE3 or GRNBoost2. It also allow to add new methods using
a uniform interface for each one of them in the form of a Docker image. The goal of BEELINE is to
enable reproducible and rigorous evaluations of GRN inference methods for single-cell gene expression
data.

Simulated datasets from curated models The first few datasets in the BEELINE framework
are three published Boolean models: ventral spinal cord (VSC) development, hematopoietic stem cell
(HSC) differentiation and gonadal sex determination (GSD). The performances of each methods over
ten datasets of each model are summarized in the Chapter 3.

Experimental single-cell RNA-seq datasets The last set of datasets on which methods have
been assessed on are five experimental single-cell RNA-seq datasets, two in human and three in mouse
cells [10]. These five datasets are diluted in seven cell types. The seven cell types are human ma-
ture hepatocytes (hHEP), human embryonic stem cells (hESC), mouse embryonic stem cells (mESC),
mouse Dentritic Cells (mDC), mouse Hematopoietic Stem Cells - Erythroid lineage (mHSC-E), mouse
Hematopoietic Stem Cells - Granulocyte/Macrophage lineage (mHSC-GM), and mouse Hematopoietic
Stem Cells - Lymphoid lineage (mHSC-L). As one can see, the datasets span different species, dis-
tinct cell types and also different differentiation among the mouse hematopoietic stem cells. BEELINE
evaluates methods across biologically diverse regulatory contexts. This is one of its key strengths over
DREAM4 and DREAM5. Following the gene selection procedure provided in the BEELINE codebase,
and also adopted in the DeepSEM paper [32], the expression data for each dataset is restricted to the
transcription factors present in the data together with the 500 most variable genes, rather than the full
set of measured genes. This truncation reduces the dimensionality of the inference problem for every
method evaluated and directly determines the gene counts reported for each dataset in the Results
chapter 3.

However, a major challenge arising from the evaluation of GRN inference algorithms for single-cell
RNA-seq data is that the "ground truth" is usually unknown [10]. The "ground truth" represents the
network of regulatory interactions governing the dynamics of genes of interest. The BEELINE paper
addresses this challenge by matching each scRNA-seq dataset with an appropriate ChIP-seq-derived
network connecting TFs to their target. Additionally, noncell-type-specific transcriptional regulatory
networks as well as the functional protein-protein interactions in the STRING database were used as
the ground truth. Of these options, only the STRING-derived ground truth is used in this work.

2.2.4 Performance metrics

Among the challenges of benchmarking gene regulatory network inference algorithms, the choice of
performance metric is one of the most critical since classical classification metrics are not always well
suited to the structural properties of these networks. In this thesis, three metrics were considered.
The Area Under the Receiver Operator Characteristic (AUROC), the Area Under the Precision Recall
Curve (AUPRC) and the Early Precision Ratio (EPR).

Class imbalance in gene regulatory networks Before defining the aforementioned metrics, it is
important to recall an important property of gene regulatory networks: they are extremely sparse. For d
genes, the number of possible interactions is d(d−1), yet only a small fraction of these pairs correspond
to true regulatory relationships. This strong class imbalance between the few positive (regulatory) and
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many negative (non-regulatory) has a direct consequence on the choice of evaluation metrics, as some
classical metrics become uninformative or misleadingly optimistic under such imbalance.

Notation in the GRN inference context In the context of gene regulatory network inference,
the standard classification notions of positive and negative examples translate as follows. A positive
example corresponds to a gene pair (j, k) for which a directed regulatory interaction from gene j to
gene k exists in the gold standard network, while a negative example corresponds to a gene pair for
which no such interaction exists. Given a predicted ranked list of interactions, applying a threshold
produces a binary prediction for each pair:

• a true positive (TP ) is a gene pair correctly predicted as regulatory,

• a false positive (FP ) is a gene pair incorrectly predicted as regulatory,

• a true negative (TN) is a gene pair correctly predicted as non-regulatory,

• a false negative (FN) is a gene pair incorrectly predicted as non-regulatory.

These four quantities, summarised in the confusion matrix of Table 2.1, form the basis of all metrics
defined below. Given the sparsity of regulatory networks, the number of true negatives TN vastly
exceeds the number of true positives TP , which is precisely what makes naive metrics such as accuracy
misleading in this setting.

Actual positive Actual negative
Predicted positive TP FP

Predicted negative FN TN

Table 2.1: Confusion Matrix [42]. In the GRN inference context, positive examples are true regulatory
interactions and negative examples are non-regulatory gene pairs.

Area Under the Receiver Operator Characteristic (AUROC) In machine learning or deep
learning evaluation, research has shifted away from simple accuracy results to other metrics such as
Receiver Operator Characteristic (ROC) analysis [42,43]. ROC space denotes a coordinate system used
for visualizing classifier performance. In this space, the true positive rate (TPR) is plotted on the Y
axis and the false positive rate (FPR) is plotted on the X axis. They are defined as

TPR = TP

TP + FN
,

FPR = FP

TN + FP
,

The TPR measures the fraction of true regulatory interactions that are correctly retrieved, while the
FPR measures the fraction of non-regulatory pairs that are incorrectly predicted as regulatory. Each
threshold value defines a point in the ROC space, and the curve is traced by varying the threshold
continuously over all predicted scores.

The area under this curve (AUROC) summarizes the ability of the method to rank true interaction
(regulatory) above non-interactions (non-regulatory) across all thresholds, with a value of 0.5 corre-
sponding to a random predictor and a value of 1.0 corresponding to a perfect one. However, because
of the high class imbalance described above, the FPR remains low even when a large number of false
positives are predicted, since the number of true negatives TN is very large. AUROC can therefore ap-
pear artificially high and fail to discriminate between methods with meaningfully different performance
on sparse networks [9, 42].
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Area Under the Precision Recall Curve (AUPRC) Precision-Recall (PR) curves have been
cited as an alternative to ROC curves for tasks with high class imbalance [42]. In the PR space, the
Recall is plotted on the X axis and the Precision is plotted on the Y axis. The Recall is the same as
the TPR while the Precision measures the fraction of predicted regulatory interactions that are truly
regulatory. They are thus defined as

Recall = TPR = TP

TP + FN
,

Precision = TP

TP + FP
.

Each model can be plotted in the PR space the same way they are plotted in the ROC space.
Unlike the ROC curve, Precision is directly sensitive to the number of false positives relative to

true positives, without being diluted by the large number of true negatives. The Area Under this curve
(AUPRC) is therefore generally considered more informative than AUROC for gene regulatory network
inference, and is the metric most commonly retained in benchmarking studies such as BEELINE and
DREAM4 [9,42].

Early Precision Ratio (EPR) Finally, since in practice a biologist is typically interested only in
the top-ranked predicted interactions (those most likely to be validated experimentally), a third metric
focusing on early retrieval performance is considered [10]. The Early Precision is computed by taking
the top-k predicted interactions and computing the precision restricted to this subset. k is set to E
which is the number of true edges in the gold standard network. Since this value is highly dependent on
the dataset, the Early Precision is then normalised by the precision expected under a random predictor,
giving the Early Precision Ratio (EPR):

EPR = Early Precision
Edge Density ,

where
Edge Density = E

d(d − 1) ,

and E denotes the number of true edges in the gold standard network and d(d−1) is the total number of
possible directed interactions among d genes. An EPR value greater than 1 indicates that the method
recovers true regulatory interactions among its most confident predictions at a rate exceeding random
chance.

EPR is particularly well suited to the sparse GRN inference setting, as it focuses precisely on the
regime where a biologist would act on the predictions, and has been shown to be sensitive to the ability
of a method to distinguish direct regulatory relationships from indirect ones [10].
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Chapter 3

Results and discussions

This chapter presents and discusses the results of the different experiments conducted in this thesis.
These results are presented in the same order as in the methods section 2.2.3: starting with the

DREAM4 datasets, followed by DREAM5, then the curated datasets from BEELINE, and finally the
experimental datasets of BEELINE.

Throughout this chapter, the methods are referred to by the labels used on the x-axis of the figures.
Table 3.1 provides a summary of all labels and their corresponding methods.

Label Description

DEEPSEM DeepSEM algorithm [32]
SCGENERAI scGENERAI algorithm [9]

GENIE3 GENIE3 algorithm [4]
GRNBOOST2 GRNBoost2 algorithm [20]

TABNET
TabNet base feature importance embedded in the
GENIE3-like framework (Section 2.2.1)

LASSONET
LassoNet base feature importance embedded in the
GENIE3-like framework (Section 2.2.1)

LASSONETPROB
MeanProbk score (Equation 2.2) embedded in the
GENIE3-like framework, with 20 stability selection re-
samples

LASSONETPROBNORM
MeanProbNormk score (Equation 2.3) embedded in
the GENIE3-like framework, with 20 stability selec-
tion resamples

LASSONETPROBNORMN
Equivalent to LASSONETPROBNORM but with N stability
selection resamples, where N ∈ {5, 10, 15, 25, 30, 35}

Table 3.1: Description of the method labels used throughout Chapter 3.

3.1 DREAM4 datasets
In this section, the results of the algorithms on all the datasets in the In Silico Size 100 Multifactorial
challenge are presented.

The AUPRC results are shown in Figure 3.1. GENIE3 achieves the best AUPRC among all
evaluated methods, followed by LassoNetProbNorm and GRNBoost2 which achieved comparable per-
formances. LassoNetProbNorm is the best performer among LassoNet-based methods. Other deep
learning-based approaches perform comparatively poorly on the DREAM4 datasets.
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Figure 3.1: AUPRC score of the different algorithms on the 5 DREAM4 datasets.
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Figure 3.2: EPR score of the different algorithms on the 5 DREAM4 datasets.
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This gap can be explained by both the nature of the methods and the nature of the benchmark
itself. Tree-based ensemble approaches such as GENIE3 and GRNBoost2 require comparatively little
training data and are less prone to overfitting on datasets of the size provided by DREAM4 [1, 44],
whereas deep learning methods generally require larger sample sizes than bulk benchmarks such as
DREAM4 provide [11]. This limitation is compounded by the nature of the DREAM4 data itself:
the multifactorial data consist of static, steady-state expression measurements generated by simulating
gene perturbations on a known synthetic network, rather than being sampled from real, noisy biological
systems [4]. Because the underlying network and simulation model are fully known and controlled, this
data lacks much of the complexity, noise, and higher-order structure typically present in real biological
expression data, precisely the kind of structure deep learning models are designed to exploit. As a
result, on this particular benchmark, simpler regression- or tree-based approaches such as GENIE3 and
GRNBoost2 appear to face little disadvantage relative to deep learning models [1,44]. LassoNet-based
methods also work relatively well and sometimes even better than GRNBoost2. This can be explained
by the chosen network size which is relatively small. A small network makes LassoNet methods less
prone to overfitting than other deep learning methods.

The EPR results are shown in Figure 3.2. As stated earlier, the strength of the EPR lies in its
focus on early retrieval rather than on the full set of retrieved edges.

For this dataset, the EPR mainly serves as a sanity check, confirming that this metric produces
results consistent with the AUPRC on small datasets. In line with the AUPRC results, GENIE3
remains the best performer under EPR.

For both EPR and AUPRC, some figures do not show the same magnitude. This is due to differences
between the individual experiments: each dataset in the DREAM4 In Silico Size 100 Multifactorial
challenge has a different ground truth network and, more importantly, a different network density.
These differences affect not only the difficulty of the inference task but also the overall magnitude of the
scores achieved by every algorithm on a given dataset, regardless of their relative ranking. Especially,
across nearly all algorithms, scores on data3 are consistently higher than on data2. For instance,
LassoNetProbNorm achieves an EPR of approximately 3.4 on data2 compared to approximately 7.6
on data3, more than doubling despite the algorithm itself being unchanged. These two datasets are
the most relevant because they are synthesized over the regulatory networks of different organisms:
data1 and data2 come from E. coli while data3, data4 and data5 come from S. cerevisiae. The same
pattern, though somewhat less pronounced, is also visible in the AUPRC results. This effect is most
visible among the stronger-performing methods (GENIE3, GRNBoost2, and the LassoNet variants); it
is less consistent for the weakest performers, such as DeepSEM and TabNet, whose scores remain close
to random across all datasets and are therefore less sensitive to this magnitude effect.

3.2 DREAM5 dataset
As with the experimental BEELINE datasets discussed later in this chapter, only a single inferred
network is available per algorithm for DREAM5, rather than a set of inferred networks as for DREAM4;
no measure of variance or robustness across repeated runs is therefore available here either.

The DREAM5 in silico network consists of 1643 genes and 4012 gold-standard edges, measured
across 805 samples, giving a ground-truth density of approximately 0.0015. This is far sparser than
any of the five DREAM4 networks, which are considerably smaller in scale (100 samples each); this
larger and sparser network is expected to yield substantially lower achievable AUPRC than DREAM4,
independently of any difference in the algorithms’ actual inference quality since the AUPRC value that
a random predictor would have is approximately the ground-truth density.

scGeneRAI could not be run on the DREAM5 dataset within the scope of this thesis. Given
its larger size compared to the DREAM4 datasets, and the correspondingly longer computation time
required, its execution was not launched early enough in the project timeline to complete before the
completion of this thesis. scGeneRAI is therefore absent from the results presented in this section.
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The AUPRC and EPR results for the DREAM5 in silico network are shown in Figure 3.3a and
Figure 3.3b, respectively.
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(a) AUPRC score of the different algorithms on the
DREAM5 in silico network.
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Figure 3.3: Performance metrics of the different algorithms on the DREAM5 in silico network.

Consistent with the DREAM4 results, GRNBoost2 and GENIE3 are the top two performers under
AUPRC, followed by DeepSEM, with a clear drop to LassoNetProbNorm and LassoNet, and a further
drop to LassoNetProb and, most markedly, TabNet, which achieves the lowest AUPRC of any algorithm
on this dataset by a wide margin. This ranking closely mirrors the pattern observed on DREAM4,
reinforcing the hypothesis raised there: because both DREAM4 and DREAM5’s in silico networks
are generated through steady-state simulation of a known network topology using GeneNetWeaver,
rather than sampled from real, noisy biological systems, they lack much of the complexity and higher-
order structure that deep learning-based methods are designed to exploit leaving tree-based ensemble
methods such as GENIE3 and GRNBoost2 at an advantage [1,11,44]. In this dataset, DeepSEM is the
best performing method among the deep learning-based ones.

The EPR results agree closely with the AUPRC ranking: GRNBoost2 leads narrowly over GENIE3,
followed by DeepSEM, LassoNetProbNorm, LassoNetProb, and LassoNet, with TabNet again clearly
the weakest performer.

3.3 Curated datasets from BEELINE

This section examines the curated datasets from the BEELINE benchmark [10]: Gonadal Sex De-
termination (GSD), Hematopoietic Stem Cell (HSC) differentiation, and Ventral Spinal Cord (VSC)
development. Unlike the DREAM4 datasets, which consist of several resampled instances of both E.
coli and S. cerevisiae coming from the software GeneNetWeaver, these three datasets correspond to
distinct, literature-curated Boolean models of real biological differentiation processes, each simulated
with BoolODE to generate ten single-cell expression replicates [10].

3.3.1 HSC dataset

The AUPRC results for the HSC dataset are shown in Figure 3.4a, and the corresponding EPR results
are shown in Figure 3.4b.
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(a) AUPRC score of the different algorithms on the
HSC datasets.
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Figure 3.4: Performance metrics of the different algorithms on the HSC datasets. Boxplot computed
over 10 datasets.

On the HSC dataset, GRNBoost2 and GENIE3 again achieve the highest scores, consistent with
their performance on the DREAM4 datasets. However, the gap with the deep learning-based methods
is noticeably smaller here: scGeneRAI, in particular, ranks third overall, ahead of LassoNet, Las-
soNetProb, LassoNetProbNorm, and TabNet. DeepSEM, by contrast, is the weakest performer on this
dataset. This narrower gap may be explained by the nature of the HSC data itself: because it is derived
from a curated Boolean model simulated with realistic single-cell dropout and noise, rather than from
a purely deterministic steady-state system as in DREAM4, it more closely resembles the kind of noisy
structured data that deep learning-based approaches are designed to exploit [11].

The EPR results on HSC are consistent with the AUPRC results: GRNBoost2 and GENIE3 re-
main the top two performers, followed by LassoNetProbNorm, while DeepSEM and TabNet remain the
weakest. scGeneRAI’s relative advantage over other deep learning-based methods is somewhat less pro-
nounced under EPR than under AUPRC, which may suggest that it retrieves true edges reliably across
the full ranking rather than being especially strong at early retrieval specifically. Conversely, LassoNet-
ProbNorm moves markedly closer to GENIE3 and GRNBoost2 under EPR than under AUPRC, nearly
matching their scores despite trailing them by a clear margin on AUPRC. LassoNetProb shows the
same shift, but far less markedly, remaining closer to scGeneRAI than to the leading methods under
EPR. This asymmetry between the two LassoNet variants suggests that whichever mechanism drives
LassoNetProbNorm’s stronger early retrieval is not simply a general property of the LassoNetProb-
based approaches, but may instead be specific to the additional normalization step distinguishing the
two variants.

3.3.2 VSC dataset

The AUPRC results for the VSC dataset are shown in Figure 3.5a, and the corresponding EPR results
are shown in Figure 3.5b.

The VSC dataset shows the clearest gap between tree-based and deep learning-based methods
among the three curated datasets. GENIE3 and GRNBoost2 substantially outperform every other
method, while DeepSEM is consistently the weakest performer, with one notable outlier (on VSC-2000-
7) reaching a markedly higher score than its other nine replicates. LassoNetProbNorm, LassoNetProb,
LassoNet and TabNet form an intermediate group, ahead of scGeneRAI and DeepSEM. This pattern
is closer to what was observed on the DREAM4 datasets than to the HSC results, which may indicate
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(a) AUPRC score of the different algorithms on the
VSC datasets.
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Figure 3.5: Performance metrics of the different algorithms on the VSC datasets. Boxplot computed
over 10 datasets.

that the VSC network’s dynamics are comparatively easier for tree-based feature-importance methods
to exploit, or alternatively that the noise and dropout levels used in this particular simulation were
less favorable to the deep learning-based methods than in the HSC case.

The EPR results largely mirror the AUPRC results, with GRNBoost2 and GENIE3 again clearly
ahead of all other methods. One notable difference is TabNet, which ranks above the LassoNet variants
and scGeneRAI under EPR despite ranking below them under AUPRC. This suggests that TabNet may
retrieve a number of true edges early in its ranking, even though its overall precision-recall performance
across the full ranking remains comparatively weak.

3.3.3 GSD dataset

The AUPRC results for the GSD dataset are shown in Figure 3.6a, and the corresponding EPR results
are shown in Figure 3.6b.

Unlike on the previous datasets and methods, the tree-based ensemble methods do not clearly
dominate on GSD. GENIE3 and GRNBoost2 achieve broadly average scores, while LassoNetProb
is the best-performing method overall, and LassoNet also outperforms both tree-based methods. All
algorithms nonetheless remain within a comparatively narrow score range, with scores for every method
well below those observed on the other curated datasets discussed below.

The EPR results on GSD are consistent with the AUPRC results: LassoNetProb remains the top
performer, and the LassoNet variants and GENIE3 form a closely clustered leading group, with GRN-
Boost2 trailing slightly behind them. A reversal of the ranking observed on the DREAM4, DREAM5,
HSC, and VSC datasets, where the tree-based methods consistently led. GSD is also the largest of the
three curated networks considered here, with 19 genes and 79 ground-truth edges, compared to 10 genes
and 29 edges for HSC and 7 genes and 14 edges for VSC. Since the number of samples is held constant
at 2000 across all three datasets, this larger and denser network provides comparatively more structure
per sample for a regularized regression-based method such as LassoNet to exploit, which may explain
why it is competitive with, or even surpasses, the tree-based ensembles specifically on this dataset [11].
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(a) AUPRC score of the different algorithms on the
GSD datasets.
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Figure 3.6: Performance metrics of the different algorithms on the GSD datasets. Boxplot computed
over 10 datasets.

3.3.4 Cross-dataset comparison

Taken together, the three curated datasets show a consistent lead for GENIE3 and GRNBoost2 on VSC
and HSC, but not on GSD, where LassoNetProb and the other LassoNet variants take the lead instead.
This reversal coincides with a clear difference in network size: GSD (19 genes, 79 edges) is substantially
larger and denser than HSC (10 genes, 29 edges) and VSC (7 genes, 14 edges), while the number of
simulated samples is held constant at 2000 across all three. One possible explanation is that, as the
number of genes increases relative to a fixed sample size, the network becomes sparser, a direction
that favors regularized regression-based methods such as LassoNet over tree-based feature importance
methods. This is consistent with the broader observation, discussed for the DREAM4 datasets, that
deep learning and regression-based approaches tend to require comparatively more structure or di-
mensionality to perform competitively [11]. Table 3.2 summarizes the size of each curated dataset for
reference. This hypothesis would need to be tested more systematically, for instance by evaluating the
same algorithms on synthetic networks of varying size while holding the underlying dynamics fixed,
before it could be considered more than a plausible explanation for the pattern observed here.

Dataset Genes Ground-truth edges Samples Density
HSC 10 29 2000 0.32
VSC 7 14 2000 0.33
GSD 19 79 2000 0.23

Table 3.2: Size of the three curated BEELINE datasets used in this section.

3.4 Experimental datasets from BEELINE
Unlike the DREAM and curated BEELINE datasets, which are generated from synthetic or literature-
curated simulation models, the experimental datasets from BEELINE consist of real single-cell RNA-seq
measurements collected from actual biological systems [10]. As a result, each dataset here corresponds
to a single inferred network rather than a set of stochastic simulation replicates, and no measure of
variance or robustness across repeated runs is available. For the datasets considered in this section, the
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ground truth network is derived from the STRING database [45] rather than from a known simulation
model or a curated Boolean network.

scGeneRAI could not be run on the experimental BEELINE datasets within the scope of this thesis.
Given their larger size compared to the curated BEELINE datasets and the DREAM4 dataset, and
the correspondingly longer computation time required, its execution was not launched early enough in
the project timeline to complete before the completion of this thesis. scGeneRAI is therefore absent
from the results presented in this section.

The datasets in this section are presented in order of decreasing ground-truth density, from the
dataset most similar in this aspect to the curated BEELINE networks discussed in the previous section
(hHep) to the least similar (mHSC-L), as summarized in Table 3.3. This ordering is intended to make it
easier to track how the algorithms’ relative and absolute performance evolves as the underlying network
moves further from the density range observed in the curated datasets (0.23 to 0.33, Table 3.2).

Dataset Genes Ground-truth edges Cells Density
hHep 948 7523 425 0.0084
mDC 821 4815 383 0.0072
mESC 1120 7763 421 0.0062
hESC 910 4257 758 0.0051
mHSC-E 704 1371 1071 0.0028
mHSC-GM 632 748 889 0.0019
mHSC-L 560 137 847 0.00044

Table 3.3: Size and ground-truth density of the experimental BEELINE datasets used in this section,
ordered by decreasing density. Density is computed as the number of ground-truth edges divided by
the number of possible directed gene pairs.

3.4.1 hHep dataset

The AUPRC and EPR results for the human hepatocyte (hHep) dataset are shown in Figure 3.7a and
Figure 3.7b, respectively.

The first observation is that the absolute AUPRC values, ranging from approximately 0.017 to
0.025, are markedly lower than those observed on the DREAM4 and curated BEELINE datasets,
where AUPRC values generally ranged from 0.2 to 0.7. This drop in magnitude is mainly attributable
to the size and sparsity of the hHep network relative to the curated BEELINE networks: with 948 genes
and 7523 ground-truth edges, hHep has a density of 0.0084, the highest among the seven experimental
datasets, and therefore the closest of the group to the density range observed for the curated GSD,
HSC, and VSC networks (0.23 to 0.33, Table 3.2), even though it remains roughly 27 to 40 times sparser
than any of them. Since the expected AUPRC of a random predictor is approximately equal to the
ground-truth density, this difference alone predicts an order-of-magnitude gap in achievable AUPRC,
closely matching what is observed here, independently of any difference in the algorithms’ actual
ability to rank true edges above false ones. GENIE3, GRNBoost2, and DeepSEM form a tight leading
group under AUPRC, with GENIE3 marginally ahead. They are followed by LassoNetProbNorm,
LassoNetProb, TabNet, and LassoNet with LassoNetProbNorm being quite close to DeepSEM. Despite
being the densest experimental dataset, hHep does not show the highest achievable AUPRC among this
group; on the contrary, its best score (GENIE3, approximately 0.0253) is the lowest maximum AUPRC
observed across all seven experimental datasets, well below the values reached on the considerably
sparser mHSC-GM (approximately 0.108) and mHSC-L (approximately 0.111) datasets discussed later
in this section. This is the opposite of what a straightforward density-based explanation of AUPRC
magnitude, as discussed for the curated BEELINE datasets, would predict. This pattern is examined
systematically across all seven experimental datasets in the second cross-dataset comparison at the end
of this section.
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(a) AUPRC scores of the different algorithms on
the hHep dataset.
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(b) EPR scores of the different algorithms on the
hHep dataset.

Figure 3.7: Performance metrics of the different algorithms on the hHep dataset.

The EPR results again agree closely with the AUPRC ranking: DeepSEM leads narrowly over
GENIE3, followed by GRNBoost2, with a clear drop to LassoNetProbNorm and the remaining methods,
though this relative gap is considerably larger under EPR than under AUPRC. The absolute EPR
values on hHep also remain comparatively close to the EPR values reported for the curated BEELINE
datasets in the previous section, consistent with EPR’s normalization by the random-predictor baseline
(see Section 2.2.4).

3.4.2 mDC dataset

The AUPRC and EPR results for the mouse dendritic cell (mDC) dataset are shown in Figure 3.8a
and Figure 3.8b, respectively.

An interesting observation made upon the AUPRC values on mDC dataset is the relative rank-
ing of the algorithms that departs sharply from the pattern observed on hHep, curated BEELINE
datasets and other experimental datasets discussed in the following sections. GENIE3 and GRN-
Boost2, which generally were among the top performers, are here among the weakest, both trailing
LassoNet, DeepSEM, and LassoNetProbNorm, the latter being the best-performing method overall.
This reversal is consistent with the hypothesis raised for the curated HSC dataset: because mDC is
derived from real single-cell measurements rather than a synthetic or curated simulation, it contains
noise, dropout, and non-linear structure that tree-based ensemble methods are not specifically designed
to exploit, whereas deep learning-based approaches may be better suited to exploit [11]. However, as
discussed in the following subsections, this reversal is not observed on any of the other experimen-
tal datasets examined in this thesis, which consistently show GENIE3, GRNBoost2, and DeepSEM
as the top three performers; mDC should therefore be treated as a notable exception rather than as
representative of the experimental datasets as a group.

The EPR results complicate this picture even more. GENIE3 and GRNBoost2 rank second and third
under EPR, respectively, well ahead of their AUPRC ranking, while LassoNetProbNorm and LassoNet,
two of the top three methods under AUPRC, both drop to the lower half of the ranking. LassoNetProb
shows the opposite shift, becoming the top performer under EPR despite ranking in the middle of
the pack under AUPRC. A possible interpretation is that GENIE3 and GRNBoost2 continue to rank
a substantial number of true edges early in their output, but accumulate comparatively more false
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(a) AUPRC scores of the different algorithms on
the mDC dataset.
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(b) EPR scores of the different algorithms on the
mDC dataset.

Figure 3.8: Performance metrics of the different algorithms on the mDC dataset.

positives later in the ranking on this dataset, which would depress their AUPRC without necessarily
depressing their EPR.

Given that these results rest on a single inferred network per algorithm, with no repeated runs
to assess variability, these interpretations on AUPRC and EPR values should be treated as tentative
hypotheses rather than a firm conclusion.

3.4.3 mESC dataset

The AUPRC and EPR results for the mouse embryonic stem cell (mESC) dataset are shown in Fig-
ure 3.9a and Figure 3.9b, respectively.

mESC is, at 1120 genes, the largest network among the experimental datasets, with a density
of 0.0062. DeepSEM leads under AUPRC. Notably, GRNBoost2, GENIE3, LassoNetProbNorm, and
LassoNetProb are nearly indistinguishable from each other in second, third, fourth, and fifth position,
meaning the usual gap between the leading tree-based and DeepSEM group and the regularized deep
learning-based methods narrows considerably on this dataset, specifically with respect to GENIE3 and
GRNBoost2, rather than DeepSEM. LassoNet and TabNet remain the weakest performers.

However, this narrowing does not carry over to EPR. Under EPR, GRNBoost2, DeepSEM, and
GENIE3 reassert a clear lead over LassoNetProbNorm, LassoNetProb, and LassoNet, which fall back
to a distinctly lower tier, with TabNet remaining the weakest method. This is the second instance,
after mDC, of the AUPRC and EPR rankings disagreeing considerably for a subset of methods on a
given dataset, though the specific methods and direction of the disagreement differ between the two
cases.

3.4.4 hESC dataset

The AUPRC and EPR results for the human embryonic stem cell (hESC) dataset are shown in Fig-
ure 3.10a and Figure 3.10b, respectively.

With 910 genes and a density of 0.0051, hESC shows the same pattern as hHep: GENIE3, GRN-
Boost2, and DeepSEM form a tightly clustered leading group under AUPRC, with GENIE3 markedly
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(a) AUPRC scores of the different algorithms on
the mESC dataset.
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(b) EPR scores of the different algorithms on the
mESC dataset.

Figure 3.9: Performance metrics of the different algorithms on the mESC dataset.
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(a) AUPRC scores of the different algorithms on
the hESC dataset.
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Figure 3.10: Performance metrics of the different algorithms on the hESC dataset.
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ahead. They are followed by LassoNetProb, LassoNetProbNorm, LassoNet and TabNet at a clear
distance below.

The EPR results are consistent with the AUPRC ranking, with DeepSEM narrowly ahead of GE-
NIE3 and GRNBoost2 at the top, and the same clear separation from LassoNetProb, LassoNetProb-
Norm, LassoNet, and TabNet below.

3.4.5 mHSC-E dataset

The AUPRC and EPR results for the mouse hematopoietic stem cell, erythroid lineage (mHSC-E)
dataset are shown in Figure 3.11a and Figure 3.11b, respectively.
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(a) AUPRC scores of the different algorithms on
the mHSC-E dataset.
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(b) EPR scores of the different algorithms on the
mHSC-E dataset.

Figure 3.11: Performance metrics of the different algorithms on the mHSC-E dataset.

With 704 genes, 1371 ground-truth edges, and 1071 cells, mHSC-E has a density of 0.0028. DeepSEM
is the clear top performer under AUPRC, ahead of GRNBoost2 and GENIE3, with a marked drop to
LassoNetProbNorm, and a further drop to LassoNet, TabNet, and LassoNetProb.

The EPR results reinforce the AUPRC ranking rather than diverging from it. DeepSEM again
leads by a wide margin, followed by GENIE3 and GRNBoost2, while LassoNetProbNorm, TabNet,
LassoNetProb, and LassoNet form a clearly separated lower group.

3.4.6 mHSC-GM dataset

The AUPRC and EPR results for the mouse hematopoietic stem cell, granulocyte-monocyte lineage
(mHSC-GM) dataset are shown in Figure 3.12a and Figure 3.12b, respectively.

mHSC-GM shows the same leading group as mHSC-E, with DeepSEM ahead of GENIE3 and
GRNBoost2, followed by a clear drop to LassoNetProbNorm and a further drop to LassoNetProb,
LassoNet, and TabNet. With a density of 0.0019 (632 genes, 748 ground-truth edges), mHSC-GM is
the second sparsest dataset in this section, yet it produces among the highest absolute AUPRC scores
observed here, with DeepSEM reaching approximately 0.108. As with hHep above, this pattern (lower
density coinciding with higher, not lower, achievable AUPRC) runs counter to a simple density-based
explanation of AUPRC magnitude. This is examined systematically across all seven datasets in the
cross-dataset comparison below.
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(a) AUPRC scores of the different algorithms on
the mHSC-GM dataset.
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(b) EPR scores of the different algorithms on the
mHSC-GM dataset.

Figure 3.12: Performance metrics of the different algorithms on the mHSC-GM dataset.
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(a) AUPRC scores of the different algorithms on
the mHSC-L dataset.
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(b) EPR scores of the different algorithms on the
mHSC-L dataset.

Figure 3.13: Performance metrics of the different algorithms on the mHSC-L dataset.
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The EPR results follow the same ranking as AUPRC, with DeepSEM, GENIE3, and GRNBoost2
clearly ahead of LassoNetProbNorm, LassoNet, LassoNetProb, and TabNet.

3.4.7 mHSC-L dataset

The AUPRC and EPR results for the mouse hematopoietic stem cell, lymphoid lineage (mHSC-L)
dataset are shown in Figure 3.13a and Figure 3.13b, respectively.

With 560 genes and only 137 ground-truth edges, mHSC-L has a density of 0.00044, the lowest of
all seven experimental datasets, roughly four times sparser than mHSC-GM and nearly twenty times
sparser than hHep. Despite this, mHSC-L’s AUPRC scores are the highest observed in this section.
GENIE3 leads narrowly over GRNBoost2, with DeepSEM in third position. LassoNetProbNorm and
LassoNetProb form a second group before the third group containing TabNet and LassoNet.

The EPR results are consistent with this picture: GRNBoost2 and GENIE3 lead narrowly ahead
of DeepSEM, followed by LassoNetProbNorm and LassoNetProb at a comparatively small distance,
mirroring the AUPRC ranking. Then TabNet and LassoNet come last.

3.4.8 Cross-dataset comparison

Table 3.4 summarizes, for each experimental dataset, the ground-truth density, the number of cells,
and the best-performing algorithm under AUPRC and under EPR.

Dataset Density Cells Best AUPRC Best EPR
hHep 0.0084 425 GENIE3 (0.025) DEEPSEM (3.27)
mDC 0.0072 383 LassoNetProbNorm (0.038) LassoNetProb (2.25)
mESC 0.0062 421 DeepSEM (0.033) GRNBoost2 (3.37)
hESC 0.0051 758 GENIE3 (0.029) DeepSEM (3.43)
mHSC-E 0.0028 1071 DeepSEM (0.065) DeepSEM (7.54)
mHSC-GM 0.0019 889 DeepSEM (0.108) DeepSEM (9.00)
mHSC-L 0.00044 847 GENIE3 (0.111) GRNBoost2 (6.98)

Table 3.4: Best-performing algorithm and score under AUPRC and EPR for each experimental dataset,
alongside ground-truth density and cell count.

Leading group. Across the seven experimental datasets, the best-performing algorithm under AUPRC
is always one of GENIE3, GRNBoost2, or DeepSEM, with the single exception of mDC, where LassoNet-
ProbNorm leads. GENIE3 is the top AUPRC performer on three datasets (hHep, hESC, mHSC-L),
DeepSEM on three (mESC, mHSC-E, mHSC-GM), and LassoNetProbNorm on the one exception. The
same three algorithms also dominate under EPR, with DeepSEM leading on four datasets (hHep, hESC,
mHSC-E, mHSC-GM), GRNBoost2 on two (mESC, mHSC-L), and LassoNetProb leading only on the
exceptional mDC dataset. In both metrics, LassoNet, and TabNet consistently occupy the bottom of
the ranking outside of mDC. This confirms, with the full set of seven datasets now available, that mDC
is a genuine outlier rather than representative of how these algorithms perform on real experimental
data.

Density and achievable AUPRC magnitude. The individual dataset discussions aboce repeat-
edly noted that lower ground-truth density did not translate into lower achievable AUPRC, contrary
to the naive expectation that AUPRC magnitude should scale with the density of the ground truth.
Across the seven datasets, comparison between the best-achieved AUPRC and the density shows a
strong negative association rather than a positive one: denser ground truths are associated with lower
achievable AUPRC. The three densest datasets (hHep, mDC, mESC) all have comparatively few cells
(383 to 425), while the four sparsest (hESC, mHSC-E, mHSC-GM, mHSC-L) have considerably more
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(758 to 1071). Cell count also correlates with achievable AUPRC; however, neither factor can be fully
isolated from the other with the data available here.

The comparison with the DREAM4 datasets helps disentangle the two at a larger scale. DREAM4
achieves substantially higher AUPRC than any of the experimental datasets despite having only 100
samples per network, far fewer than any of the seven experimental datasets considered here (383 to
1071 cells). If cell count were the dominant driver of achievable AUPRC, DREAM4’s far smaller sample
size would predict a lower AUPRC than the experimental datasets, not a higher one. This is inconsis-
tent with what is observed, and instead points to density as the stronger candidate explanation across
large density gaps such as the one separating DREAM4 from the experimental datasets. Across the
comparatively smaller density differences observed among the experimental BEELINE datasets them-
selves, however, cell count appears to be the dominant factor associated with achievable AUPRC. With
only seven experimental datasets, these observations should be treated as descriptive and hypothesis-
generating rather than as statistically confirmed relationships; testing this properly would require
datasets in which density and cell count vary independently of one another, or a larger set of datasets
than is currently available.

Agreement between AUPRC and EPR. Of the seven datasets, five (hHep, hESC, mHSC-E,
mHSC-GM, mHSC-L) show broadly consistent rankings between AUPRC and EPR, with at most
minor reordering within the leading group. The remaining two, mDC and mESC, show substantial
disagreement between the two metrics for a subset of algorithms: on mDC, GENIE3 and GRNBoost2
rank far higher under EPR than under AUPRC, while LassoNetProbNorm and LassoNet show the
opposite shift; on mESC, the LassoNet variants lose the near-tie with GENIE3 observed under AUPRC
once EPR is considered. GENIE3 reasserts a clear separation from the LassoNet variants. No shared
property of mDC and mESC (density, cell count, or gene count) obviously distinguishes them from the
other five datasets, so what drives this divergence on these two datasets specifically remains an open
question.

Overall. Taken together, these results suggest that GENIE3 and GRNBoost2 remain the most reli-
able performers, joined here by DeepSEM, which was not part of the leading group on the DREAM4
or curated BEELINE datasets but emerges as one of the strongest algorithms specifically on real
experimental data, with mDC standing out as a clear exception. The relationship between dataset
properties and achievable performance is more complex than for the DREAM4 and curated BEELINE
datasets: density appears to dominate across large density gaps, such as between DREAM4 and the
experimental datasets, while cell count appears more influential across the smaller density differences
observed among the experimental datasets themselves. Given that all of these results rest on a single
inferred network per algorithm and dataset, with no repeated runs to assess variability, and that the
dataset-level correlations reported here are based on only seven data points, these conclusions should
be interpreted with appropriate caution given the limited number of datasets.

3.5 LassoNet’s computation time

One of the main limitations of the LassoNet-based methods is their relatively high computational cost1.
Several factors may contribute to this computational overhead. As an initial investigation, the

impact of the number of models learned during each stability selection experiment on the inference
performance is examined. Increasing the number of models corresponds to increasing the number of
random subsamples drawn from the data, which in principle should yield more stable and reliable

1No dedicated benchmarking study was conducted to precisely measure the execution time of the different algorithms.
However, for the single-cell RNA-seq datasets considered in this work, the LassoNet-based GRN inference methods required
approximately 5 to 10 days to complete, whereas running GENIE3, GRNBoost2, DeepSEM, and TabNet sequentially
required up to 4 days.
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selection probability estimates. However, it also increases the computational cost of the procedure
proportionally. It is therefore important to determine whether a small number of models is sufficient
to obtain reliable results or whether performance continues to improve as more models are added.

The results are shown in Figure 3.14 for the AUPRC metric and in Figure 3.15 for the EPR metric,
evaluated on three datasets from the BEELINE benchmark: the Gonadal Sex Determination (GSD),
Hematopoietic Stem Cell (HSC), and Ventral Spinal Cord (VSC) datasets.
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Figure 3.14: Impact of the number of models learned during a stability selection experiment on the
AUPRC score, evaluated on three BEELINE datasets.
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Figure 3.15: Impact of the number of models learned during a stability selection experiment on the
EPR score, evaluated on three BEELINE datasets.

Across all three datasets and both metrics, the number of models learned during a stability selection
experiment does not significantly affect the inference performance. For instance, on GSD, the median
AUPRC ranges from approximately 0.268 to 0.270 as the number of models increases from 5 to 35,
and the median EPR ranges from approximately 1.46 to 1.51 over the same range (both well within
the variability already observed between the ten replicates of a single configuration). The same holds
on HSC and VSC. Both the AUPRC and EPR scores remain stable as the number of models increases,
suggesting that the selection probability estimates converge rapidly and that a relatively small number
of models is sufficient for reliable estimation. These results indicate that using fewer models during a
stability selection experiment maintains comparable inference performance while potentially reducing
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the computational cost of the method. This observation is particularly relevant since the LassoNet-
based approaches are the most computationally demanding methods evaluated in this thesis.

Another likely contributor to the high computational cost of the LassoNet-based methods is the
lack of parallelization across the models learned during a stability selection experiment. In the current
implementation, each of the models is trained sequentially, one after the other, rather than concurrently.
This is in contrast to GENIE3 and GRNBoost2, which parallelize across trees and, in the case of
GRNBoost2, across the underlying gradient boosting framework, allowing them to make full use of
the available computational resources. Since stability selection itself does not require any interaction
between the models learned across different subsamples, the LassoNet-based methods could in principle
also be parallelized across models, or even across genes, without altering the underlying method or
its results. The absence of such parallelization in the current implementation therefore represents
a straightforward avenue for future optimization, rather than an inherent limitation of the stability
selection procedure itself.
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Chapter 4

Conclusions and perspectives

4.1 Conclusions
This thesis set out to investigate whether the feature-importance mechanisms embedded directly in
certain deep learning architectures could be exploited for gene regulatory network inference, as an
alternative to tree-based ensemble method or to post-hoc explainability tools applied to otherwise
opaque models. Two such architectures, LassoNet and TabNet, were integrated into a GENIE3-like per-
gene regression framework, in which the importance a model assigns to each candidate regulator when
predicting a target gene’s expression is reused directly as a confidence score for a regulatory interaction.
For LassoNet, whose residual-weight-based importance proved considerably more informative than
TabNet’s attention-based masks, a stability-selection procedure was further developed to aggregate
feature-importance scores across multiple resampled regularisation paths, in an attempt to obtain a
more robust ranking of candidate interactions than a single training run could provide.

These methods were benchmarked against two established tree-based ensemble methods, GENIE3
and GRNBoost2, and two other deep-learning-based GRN inference approaches, DeepSEM and scGen-
eRAI, across a broad range of benchmarks: the synthetic DREAM4 and DREAM5 datasets, three
curated Boolean-model datasets from BEELINE (HSC, VSC, GSD), and seven experimental single-cell
RNA-seq datasets from BEELINE, evaluated using AUPRC and the Early Precision Ratio.

Across this benchmark, no single method dominates uniformly, and the relative ranking of algo-
rithms depends strongly on the nature of the data being analysed. On the synthetic DREAM4 and
DREAM5 networks, and on two of the three curated BEELINE datasets (HSC and VSC), the tree-based
ensembles methods GENIE3 and GRNBoost2 retain a clear advantage over every deep-learning-based
method tested, including the architectures developed in this thesis. This advantage appears linked
to the deterministic, noise-free nature of these simulated datasets, which do not exhibit the kind of
higher-order structure and noise that deep learning methods are designed to exploit, combined with the
comparatively small sample sizes these benchmarks provide. On the denser and larger GSD dataset,
however, and on several of the experimental BEELINE datasets, this advantage narrows or reverses:
DeepSEM emerges as the strongest performer on most experimental datasets, and the LassoNet-based
methods developed in this thesis, particularly the stability-selection variants, become competitive with,
and in some cases exceed, the tree-based ensembles. TabNet, despite its purpose-built sequential at-
tention mechanism for tabular data, consistently underperformed relative to every other method across
all benchmarks, suggesting that its instance-wise feature selection does not translate straightforwardly
into a reliable gene-level importance score once aggregated across the many per-gene subproblems that
the GENIE3-like framework requires.

Taken together, these results suggest that feature-importance mechanisms embedded in deep learn-
ing architectures can indeed be exploited for GRN inference, and that LassoNet in particular, combined
with a stability-selection procedure, is able to match or outperform the long-standing tree-based gold
standards on some real, biologically diverse datasets. However, this potential is not realised uniformly:
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it depends on the architecture (LassoNet succeeding where TabNet does not), on the methodology used
to extract a stable score from the model (stability selection outperforming a single training run), and
on properties of the dataset itself, notably its size, density, and its nature: whether it originates from a
simulated or an experimentally measured biological system, or whether the gene expression comes from
bulk RNA-sequencing, single-cell RNA-sequencing or other sequencing methods. Moreover, DeepSEM
more consistently outperforms GENIE3 and GRNBoost2 on experimental datasets. However, it does
not work better than a random predictor on the synthetic datasets from DREAM4. This context-
dependence echoes a recurring observation in the GRN inference literature: methods have inherent
biases toward certain data regimes, and no method should be expected to perform optimally across
every biological context [6, 10].

This work has several limitations that should be kept in mind when interpreting these conclusions.
First, for the DREAM5 in silico network and for all seven experimental BEELINE datasets, only a single
inferred network was produced per algorithm, since these datasets do not come with multiple stochastic
replicates as the DREAM4 and curated BEELINE datasets do; no measure of variance or robustness
across repeated runs is therefore available for roughly half of the benchmarks used in this thesis, and
the corresponding conclusions should be read with the appropriate caution. Second, the observations
relating achievable AUPRC to dataset density and cell count discussed in Section 3.4.8, rest on only
seven experimental datasets and should be treated as hypothesis-generating rather than statistically
established. Third, the LassoNet-based methods and the stability-selection procedure in particular,
remain considerably more computationally expensive than tree-based ensembles. A limitation that is
at least partly attributable to the current implementation training the resampled models sequentially
rather than in parallel. This current limitation limited the exploration of different hyperparameters
and, in particular, different network sizes that could have helped on larger, noisier and higher-order
networks.
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4.2 Perspectives
Several directions could extend and consolidate the work presented in this thesis.

Parallelising the stability-selection procedure. Since the models trained on different resamples
do not depend on one another, and since the number of resamples was shown in Section 3.5 to have little
impact on inference performance beyond a relatively small number of models on curated BEELINE
datasets, training these models concurrently, either across resamples or across target genes, should
substantially reduce the computational cost of the LassoNet-based methods without altering their
results, making them more practical for genome-scale application.

Exploring LassoNet’s hyperparameters more thoroughly. Parallelising the stability-selection
procedure would also free up computational budget for a more intensive hyperparameter search than was
possible in this thesis. In particular, the hidden-layer width, the path_multiplier governing granularity
of the regularisation path, and the L2 penalty gamma that were kept close to their default values in
Section 2.1.1 to limit training cost could be explored much deeply.

Understanding TabNet’s underperformance. TabNet’s instance-wise, sample-specific feature
selection is well suited to standard tabular prediction tasks, but did not translate into a useful gene-level
importance score in this thesis’ GENIE3-like framework. Further work could investigate alternative
ways of aggregating TabNet’s per-sample masks into a global importance score, or explore whether
TabNet’s sequential decision-step structure could be repurposed more directly to recover regulatory
interactions, before concluding that the architecture does not suit this task.

Disentangling the effects of network density and sample size. The relationship observed
between dataset density, cell count, and achievable AUPRC could be tested more systematically by
generating synthetic networks in which these two properties are varied independently while the under-
lying network dynamics are held fixed, for instance using GeneNetWeaver or BoolODE with controlled
parameters. This would allow the hypotheses raised in Section 3.4.8 to be tested with statistical rigour
rather than inferred descriptively from seven experimental datasets.

Assessing robustness on experimental data. Because the experimental BEELINE datasets and
the DREAM5 in silico network each yield only a single inferred network algorithm, an important next
step would be to assess the stability of these methods, particularly the LassoNet-based ones, across mul-
tiple datasets of each cell type considered in the experimental data itself, in order to obtain confidence
intervals on their reported performance rather than point estimates. However, experimental datasets
are generally hard to gather. To avoid the need for new sequencing, one could use bootstrapping or
resampling for a first investigation of the robustness on experimental data.

Combining tree-based and deep-learning-based scores. Since GENIE3, GRNBoost2, DeepSEM,
and the LassoNet-based methods appear to have complementary strengths depending on the dataset,
an ensemble approach that aggregates rankings across several of these methods (such a community
approach is described in [6]) could be investigated as a way of obtaining more consistently strong per-
formance across biological contexts. This is in line with the BEELINE authors’ own observation that
no single method is uniformly best [10], while being mindful of their finding that naive ensembling does
not automatically outperform the best individual method.

Extending the benchmark. Finally, now that a GENIE3-like, feature-importance-based framework
has been established for LassoNet, it would be worth evaluating it on a wider range of experimental
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single-cell datasets, additional species, and larger gene sets, to determine whether the trends observed
here persist at greater scale.
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Additional content

This chapter provides the information needed to access and reproduce the work presented in this thesis.
It describes where the code developed and used throughout the project can be found, as well as the
practical steps required to set it up and run it, in particular on the CECI clusters. It also indicates
where the datasets used for benchmarking can be obtained and explains how artificial intelligence tools
were used in the preparation of this thesis.

Code availability

All code is available in the following GitHub repository: https://github.com/luvilour/Beeline. This
repository is a fork of the original BEELINE GitHub repository1, to which the newly tested algorithms
(DeepSEM, SCGeneRAI, LassoNet, and TabNet) were added.

A method for launching BLRunner.py on the CECI clusters has also been added, by defining
containers using Apptainer instead of Docker. The environment can be set up by running setup_
beeline_container.sh. The Apptainer images can then be built by running initialize_ceci.sh for
the algorithms already implemented, or initialize_ceci.sh -b to build the newly added algorithms.
Finally, docker_shim must be set as the alias for the docker command. Once this is done, the original
ReadMe.md can be followed to run the different components of the code and benchmark the algorithms.
A Slurm script has also been added to launch the BLRunner Slurm job.

Data availability
All the BEELINE datasets used to assess the results of the different algorithms in this thesis are
available at the following URL: https://zenodo.org/records/19009603.

Artificial intelligence tools usage
Artificial intelligence tools were used throughout this work to support translation, the understanding
of scientific papers, and research within and across the literature. Google NotebookLM was used to
explore papers and access relevant information more efficiently. Claude was used to rephrase certain
sections in order to improve the overall linguistic quality of this work. Translation tools such as DeepL
were also employed.

In addition, Claude was used as an assistant to help integrate the newly implemented algorithms
within the BEELINE framework, as well as to develop the capabilities required to run BEELINE on
the CECI clusters.

However, the use of these tools in no way influenced the technical content of this thesis. All analysis,
discussions, and conclusions remain entirely my own responsibility.

1https://github.com/Murali-group/Beeline
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