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Abstract. Gene Regulatory Networks are major mechanisms governing
biological processes. These networks are often inferred from gene ex-
pression matrices using Machine Learning algorithms. Nevertheless this
task requires large datasets, to avoid learning unsuitable links due to
over-fitting. This limitation impedes applying safely such tools on gene
expression datasets with limited number of samples, such as rare cell-
types or diseases. Moreover, the intrinsic black-box nature of most Ma-
chine Learning tools is an important drawback in sensitive areas such
as in the bio-medical context. In this work we propose a new method,
based on Transfer Learning and Semi-Supervised Learning, to infer inter-
pretable gene regulatory networks, when only few samples are available.
We have applied this tool to infer the first gene regulatory network of cell-
line SH-SY5Y, a well recognized in vitro model for Alzheimer’s disease.
This biomedical application is particularly important, since Alzheimer’s
disease is a poorly understood neurodegenerative disease that causes
around 60-70% of dementia cases worldwide and since there are cur-
rently no treatments to stop or reverse it. Our transfer methodology
was successfully assessed qualitatively, and we revealed that our sim-
ple and interpretable models remained competitive w.r.t state-of-the-art
complex models. The exploration of the regulatory links, revealed that
our methodology identified well-known regulatory pathways involved in
Alzheimer’s disease. The encouraging outcomes yielded by our approach
suggest its potential for analyzing other small gene expression datasets.

Keywords: Transfer Learning · Explainable Machine Learning · Gene
Regulatory Network · Alzheimer’s Disease.

1 Introduction

Alzheimer’s Disease (AD) is a neurodegenerative disorder that accounts for 60-
70% of dementia cases in humans, affecting more than 55 million individuals
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worldwide [16]. It is characterized by cerebral atrophy and a decrease in synaptic
transmissions, involving neural death and the loss of inter-neuron connections
in the brain [5]. Currently there exists no real cure for AD patients and current
treatments mostly focus on altering the biological pathways that are involved
in the development of symptoms [45]. AD involves the accumulation of plaques
of repeating units of an organic compound called Amyloid Beta (Aβ), due to
the erroneous cleavage of the so-called Amyloid Precursor Protein (APP). The
accumulation of Aβ oligomers leads to the generation of Reactive Oxygen Species
(ROS), i.e., compounds that can easily react with other molecules in a cell, thus
increasing the cellular oxidative stress, which induces an activation of immune
responses and defense mechanisms [44]. In addition to studying post-mortem
samples from AD patients, and in order to study functionally the AD process,
researchers have relied both on animal and cell-culture models. Compared to in
vivo animal models, in vitro cell culture, such as the cell line SH-SY5Y, provides
a robust, efficient and cost-saving method to study the pathology of specific
diseases, with a possible focus on the characterization of molecular mechanisms
[22].

Gene Regulatory Networks (GRNs) have been recognized as major mecha-
nisms controlling key biological processes [17]. The development of high-throughput
sequencing techniques has allowed to quantify gene expression in different con-
ditions, tissues and time-points (using bulk RNA-seq and microarray experi-
ments) and even in individual cells (using single-cell RNA-seq). Such massive
data acquisition has enabled the development of plethora of computational tools
to infer gene regulatory interactions from gene expression data, as reported in
[12,20]. Among the different families of inference methods, the so-called data-
driven paradigm is recognized as efficient and accurate [12]. Data-driven methods
use gene expression data to score potential links between regulators and genes,
and then select the most promising links. Earlier approaches relied on correlation
or mutual information metrics to score the relatedness between genes and form
co-expression networks. Most recent data-driven methods aim at training regres-
sion/classification algorithms to model the expression of each gene as a function
of regulatory genes’ expressions. Then, they use a feature importance scoring
procedure to identify for each gene, the subset of regulators that contribute the
most to the predictive task (e.g., [30,1]).

However, inferring GRNs in a data-driven manner requires large gene ex-
pression matrices in order to prevent the inference tools from over-fitting and
learning unsuitable links. This limitation impedes applying safely such tools on
gene expression datasets with limited number of replicates, e.g. on non-model or-
ganisms, rare cell-lines or rare diseases. For instance, in the context of AD, scarce
gene expression data are available for the SH-SY5Y cell line, which has prevented
the use of traditional data-driven tools to infer the regulatory interactions gov-
erning such cell line. Interestingly, in the ML domain, the methodology termed
Transfer Learning (TL), aims at taking advantage of data obtained in different
domains, to cope with the lack of data [42]. TL has been used successfully in
different real-world applications and thus has gained increasing attention in the
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ML community [42]. However, despite its importance, TL has been marginally
used in the bio informatics field in general [23], and rather few TL techniques
have been applied to GRN inference.

In addition, most ML models share another important limitation: their out-
puts and predictions’ lack of interpretability. Indeed, ML models’ large number
of parameters and complexity make them inherently unintelligible for human
beings. The intrinsic black-box nature of such systems could be an important
drawback in sensitive areas such as in the inference of GRN in bio-medical con-
texts. According to [26], in the ML domain, in order to overcome such a lack
of intepretability, authors have focused on two major methodologies: i) using
interpretable models, including linear models or decision trees, or ii) using inter-
pretation tools, that can be applied a posteriori, in order to assess the importance
of each feature in the predictive task, in a global or in a local manner, i.e., for
the entire dataset or for each specific instance. Despite the importance of in-
terpretability in bio-medical applications, most data-driven GRN inference tools
rely on complex black-box models, and global feature importance tools have been
used to infer regulatory links, and the use of interpretable ML models has been
under-explored.

In this work, we propose a simple unsupervised TL tool for RNA-seq data,
based on a linear feature-based domain adaptation method and a semi-supervised
label spreading algorithm, in order to train explainable decision-trees (DTs) and
build interpretable GRNs for datasets with rather few samples. Moreover, as a
study case, we have applied this new technique to infer an interpretable GRN
of the SH-SY5Y cell-line model. Given the absence of prior research in this area
and the significance of SH-SY5Y as a model for studying neurodegenerative
diseases, including AD, this application holds particular promise for advancing
AD research in vitro. However, the proposed method is not exclusive to AD and
could be applicable to the analysis of other small datasets.

The rest of the paper is organized as follows: In Section 2 we describe previous
works on GRN inference in AD and the application of TL to the inference of
GRNs. In Section 3 we present our methodology. In Section 4 we present the
results, and in Section 5 we conclude with a discussion on the results and some
perspectives.

2 State of the art

2.1 Transfer Learning applied to GRN inference

An important premise in ML states that both the training and the test datasets
should belong to the same domain, i.e., they should share the same distributions
in the feature space. Nevertheless, in some real world applications, this assump-
tion may not hold, and collecting new data to train a model in the application
domain may reveal to be difficult and expensive. A recent methodology, termed
Transfer Learning (TL), aims at taking advantage of data obtained in different
domains, to cope with the aforementioned problem [42]. This methodology has



4 Peignier et al.

been used successfully in different real-world applications and thus has gained
increasing attention in the machine learning community [42].

Despite its importance, TL has been marginally used in the bio-informatics
field in general [23], and rather few TL techniques have been applied to GRN
inference, as reported hereafter. In [23], authors proposed a pioneer methodology
to reconstruct the GRN of a target organism, by exploiting available information
in a source organism using supervised TL. GRN inference was framed as a binary
classification task, where potential regulatory links were labeled as True or False,
depending on the expression profiles of the genes involved in the link. In prac-
tice, given the lack of negative examples, only regulatory links experimentally
validated were used as positive examples, whereas other links were considered
as unlabeled ones. Then, the authors relied on a semi-supervised weighted-SVM
to determine positive links. Nevertheless, such a semi-supervised tool cannot be
applied when positive examples in a specific source context are not available. In
[37], a parameter-based TL methodology for GRN inference has been presented.
In this work, an attention-based deep learning model was pre-trained, in a self-
supervised manner, on a large source dataset containing around 30 million single-
cell RNA-seq libraries. Then, the authors fine-tuned the aforementioned network
on different specific tasks with limited target data. Similar methodologies based
on deep neural networks, pre-trained on very large source databases, have also
been proposed in other works, e.g., [10,9]. Nevertheless, such methods require
a pre-training stage on a very large single-cell RNA-seq source dataset from a
given species, and are not directly applicable to non-model species/condition, for
which only smaller bulk RNA-seq or micro-array datasets are available. More-
over, given the number of parameters and the black-box nature of deep learning
models, it is hard to determine whenever the system incurs on negative-transfer.
Indeed, the ability of such networks to generalize to data that differs from the
training data distribution, is still being explored, since inaccurate behaviours,
have been reported for instance in image analysis (e.g., [3]) and natural language
processing (e.g., [14]), which could cause important concerns in sensitive domains
such as in bio-medicine. Moreover, the aforementioned techniques share another
important limitation: their outputs and predictions’ lack of interpretability. In
[25], interpretability is defined as the "degree to which a human can under-
stand the cause of a decision". Given the large number of parameters, and their
complexity, these systems are inherently unintelligible for human beings. The
intrinsic black-box nature of such systems could be an important drawback in
areas such as the bio-medical one.

2.2 Gene Regulatory Inference in AD

Given the importance of AD, previous works have addressed the inference of un-
derlying GRNs involved in this pathology. Shared co-expression modules between
AD and epilepsy [40], and between AD and severe Covid-19 [15] have been iden-
tified from human RNA-seq data. In both studies, further analysis revealed that
such co-expression modules exhibit an important enrichment for genes involved
in nervous system-related pathways. A generalization-aware self-expressive GRN
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inference method, proposed in [28], was applied to human RNA-seq data to
identify regulatory modules over-expressed in AD. Such modules revealed to be
enriched with genes involved in immune response. GRNs involved in molecular
processes taking place before the detection of neuropathology, were inferred in
transgenic male and female AD mice, from neocortex single-cell RNA-seq data
[2]. This study revealed key gender differences associated to the disease, mainly
related to ROS metabolism and synapses organization. In [31], the authors pro-
posed a framework to infer large GRNs in parallel, using 15 state-of-the-art
methods. The authors tested their framework using in silico benchmarks and
real-world gene expression matrices, including a gene expression dataset from a
transgenic AD mouse model. Then, the resulting GRN was clustered into regula-
tory modules, several of which were enriched with genes responsible for a variety
of brain disorders. A GRN inference approach based on gradient boosting and
mutual information was used to detect GRNs from both: single-cell RNA-seq
data from prefrontal cortex samples from control and AD patients, and spatial
RNA-seq data from tissue regions around Aβ aggregates in AD mouse model
[18]. This study identified regulatory modules enriched with pathways involved
in AD such as immune and inflammatory processes.

3 Materials and Methods

3.1 Data processing

In order to infer the GRN involved in AD on SH-SY5Y cells, we have collected
different datasets from the gene expression atlas4: 1) Allen Brain Atlas [24],
a bulk RNAseq dataset reporting the expression of human genes in 377 samples
from the white matter of forebrain, the hippocampus and the neocortex of con-
trol and AD elderly individuals. 2) Hisayama study [11], a microarray dataset
reporting the expression of human genes in 161 libraries from neurons belong-
ing to the cortex, the hippocampus and the gyrus of control and AD elderly
individuals. 3) PS2APP [33], a bulk RNAseq dataset reporting the expression
of mouse genes in 61 libraries from astrocytes, microglia and neurons, sampled
from the cerebral cortex of control and PS2APP transgenic mice, exhibiting an
AD-like pathology, with important cerebral Aβ levels and neuroinflammation. 4)
SH-SY5Y [39], a microarray dataset containing the expression of human genes
in 12 libraries corresponding to SH-SY5Y cell-lines transfected to express low,
medium or high levels of Aβ, and thus simulate AD-like phenotypes. In order to
preprocess the gene expression datasets, we relied on the procedure proposed in
[47], applying the recipe_zheng17 function from the Scanpy library [43].

Since our study aims to unravel the GRN between key regulators of AD
in the SH-SY5Y cell-line model, we focused on a subset of genes of interest.
First, we selected AD-related gene sets reported in collections C2 (curated), C3
(regulatory), C5 (ontology) and C7 (immunologic) of the MSIGDB database [34],
using keywords detailed in Table 1. Then, we focused only on genes encoding
4 https://www.ebi.ac.uk/gxa/home

https://www.ebi.ac.uk/gxa/home
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Transcription Factors (TFs), i.e., proteins that can control the expression of
other genes. In practice we used the lists of TFs provided in the AnimalTFDB
database [32], and we focused on TFs that are preserved between mouse and
human, i.e., for which homologs exist in both species (a one-to-one mapping
between both species was ensured applying an identity-based reciprocal best
Blast hit [41]). Finally, we removed genes that were not expressed in all samples
from each of the four datasets presented in the previous paragraph. This gene
selection procedure resulted in a final list of 386 genes of interest.

Table 1: Gene sets collections used to select genes of interest
Collect. keywords
C2, C3, C7,
C8

neuron, alzheimer, inflammation, neuroinflammation, wp tyrobp causal
network in microglia, immune response, wp microglia pathogen phagocy-
tosis pathway

C5 gobp (negative and positive) regulation of microglial cell activation,
alzheimer, neuroinflammation, cytokine production involved in inflamma-
tory response, cytokine production involved in immune response, gobp
microglial cell activation involved in immune response, gobp microglial
cell mediated cytotoxicity

Excluded fetal, embryonic

3.2 CORAL domain adaptation

A fundamental assumption in ML is that the training and test sets should be-
long to the same domain. Nevertheless, gene expression matrices from different
sources (e.g., different cell types or species) are likely to follow different distribu-
tions and thus belong to different domains. It is therefore unlikely that a GRN
learned on a given data set using ML could be directly used to model a different
data set. Furthermore, the inference of a GRN on a large set of AD-related gene
expression matrices from disparate domains is likely to be unsuccessful, since
the model would be more inclined to reflect inter-domain differences rather than
the intrinsic variations between AD and control conditions. This problem has
been reported in analogous scenarios, under the term "batch effect" [38]. In this
study, we address this issue by adapting the gene expression between disparate
datasets, thereby improving the quality of the inferred GRN. In practice, we
applied the CORrelation ALignment (CORAL) algorithm [35] to align the genes
expressions from a source domain with those from a target domain before infer-
ring a GRN. CORAL is a simple and effective unsupervised domain adaptation
method. It aims at applying a linear mapping to align the covariances of source
and target distributions. Here, the covariance matrix represents the degree to
which each pair of gene expressions is linearly related. In essence, the CORAL
algorithm entails a linear transformation of the source gene expression, such
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that the linear relationship between pairs of genes in terms of gene expression is
consistent with that observed in the target data.

More formally, let X ∈ RD×N denote a gene expression matrix, where D is
the number of libraries, and N = |Γ | is the number of genes. Let XS ∈ RDS×N

and XT ∈ RDT×N be respectively the source and target datasets, with possibly
different numbers of libraries, but described by the same set of genes Γ . Let
µS ∈ RN and µT ∈ RN be the column-wise mean gene expression vectors and let
CS ∈ RN×N and CT ∈ RN×N denote the gene expression covariance matrices
CS = Cov(XS) and CT = Cov(XT ). Let us assume that column vectors are
Z-scored to exhibit a zero mean (i.e., µS = µT = 0) and unitary variance (i.e.,
σ2
S = Diag(CS) = 1 and σ2

T = Diag(CT ) = 1 where Diag(C) ∈ RN denotes
the diagonal vector of matrix C). CORAL aims at minimizing ∥CŜ − CT ∥2F ,
the Frobenius distance between CT and CŜ , where CŜ = A⊤CSA denotes the
covariance matrix of XŜ = XSA, i.e., the source data XS adapted through the

linear mapping A ∈ RN×N , that can be expressed as A = C
− 1

2

S C
1
2

T [35]. In
practice, for the sake of stability, CORAL relies on regularized versions of the
covariance matrices, i.e., CS = Cov(XS) + λI and CT = Cov(XT ) + λI, with
λ ∈ R+ being the regularization parameter. The CORAL algorithm has shown
to be very stable with respect to its regularization parameter for 0 ≤ λ ≤ 1. Let
CORAL be defined as a function CORAL : RDS×N × RDT×N × [0, 1] → RDS×N

that receives as inputs XS ,XT and λ, and returns the adapted dataset XŜ .

3.3 Semi-supervised label transfer

The diverse samples within a gene expression dataset are often characterised
by a set of vectors of annotation, which describe the various aspects of the
corresponding biological samples (e.g., species, tissue, cell type or pathology).
More formally, let aY ∈ aYD be a vector with D elements from aY, the set of
possible values for the a-th characteristic (e.g., aY = {”Male”, ”Female”} for a
denoting the sex). When a source dataset XS is adapted into XŜ using CORAL,
its corresponding label vectors should also be inferred in the target domain. To
do so, we rely on the Label Spreading semi-supervised learning algorithm [48].
This method is based on the premise that samples with similar expression profiles
should also exhibit comparable labels. For instance, it seems reasonable to posit
that, following transfer by CORAL, a sample from an unsexed cell-line culture
displaying a greater degree of similarity to the female patient samples, in the
target domain, would be more appropriately labeled as "female."

More formally, let X =

[
XT

XŜ

]
∈ R(DT+DS)×N be the row augmented matrix

built from matrices XT and XŜ . Moreover, let aY = [aYT | aYŜ ] ∈ (aY ∪
{∅})DT+DS be the labels of libraries in X, for the a-th characteristic, such that
its first DT elements are equal to aYT , i.e. the labels of XT , and the remaining
elements aYŜ correspond to the unlabeled samples from XŜ (here denoted with
symbol ∅). Label Spreading is an iterative algorithm that builds a weighted fully
connected graph where nodes denote samples (both labeled and unlabeled). The
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weight wi,j between two nodes i and j representing samples with expression
vectors xi and xj , is computed using the Radial Basis Function kernel RBF :

RN × RN → R+ as RBF (xi,xj) = e−γ·∥xi−xj∥2
2 , with parameter γ ∈ R+

∗ . This
function ensures high weights for libraries sharing similar expression profiles.
Then, the weights between nodes are used to compute a transition probability
P (j → i) = ti,j between nodes by normalizing the weights: ti,j =

wi,j∑DT +DS
k=1 wk,j

.

Finally labels are spread to unlabeled samples using the transition probabilities
until convergence. Let function LabelSpreading : RDT×N × RDS×N × aYDT

T ×
R+
∗ → aYDS

T receiving as input XT ,XS ,
aYT and γ, and returning the labeled

vector aYŜ , be the Label Spreading method.

3.4 GRN inference

GRN inference methods based on classification algorithms aim at training an
ML model to predict the discretized level of expression of each gene (response
variable), from the expressions of a set of regulatory genes (explanatory vari-
ables) [29]. More formally, let g ∈ Γ denote a gene, and let X(g) ∈ RD be
its gene expression vector across D samples. Let Φ ⊆ Γ be a set of regula-
tory genes, such that g /∈ Φ, and let X(Φ) = RD×|Φ| denote their expression
across D samples. Let z(g) = Disc(X(g)) denote the discretized vector of gene
expressions of g, where Disc : RD → ZD is simply a discretization function
mapping each continuous element of a vector into a set Z = {0, 1, 2, . . . }, where
K = |Z| denotes the number of possible classes. Let a classification model be
a function f (g) : R|Φ| → Z, from a function space F , that predicts, for each
sample j, the discrete gene expression z(g)j of gene g from the regulators’ gene
expressions X

(Φ)
j . In this context, each regulator ϕ ∈ Φ is considered as a pre-

dictive feature. A so-called training algorithm R : RD×|Φ| × ZD → F is used
to find a model f (g) that minimizes some kind of empirical risk, that can be
estimated here as the average classification error on the training dataset, i.e.,
R
(
X(Φ), z(g)

)
= argmin

f(g)∈F

1
D ×

∑
j error

(
z(g)j , f (g)

(
X

(Φ)
j

))
.

3.5 Overall procedure

Given XS and XT a source and a target gene expression matrices, and given
{aYT ; ∀a ∈ {1, . . . , A}} a set of A annotation vectors describing each tar-
get library, Algorithm 1 describes the methodology used to transfer a gene
expression dataset from a source to a target domain. First, the gene expres-
sion is mapped using the CORAL algorithm (line 2), and then all annota-
tion labels are transferred using the LabelSpreading algorithm (line 3 to 5),
finally the transferred gene expression matrix XŜ , and the set of all trans-
ferred annotations {aYŜ ; ∀a ∈ {1, . . . , A}} are returned. The aforementioned
schema is applicable to a simple scenario where only a source and a target data
set exist. However, if there are multiple possible source data sets, the same
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procedure can be applied iteratively to transfer all source data sets to a sin-
gle source domain, before transferring it to the target domain. This is illus-
trated in Section 3.6. Following the transfer of the source dataset, it can be
merged with the target dataset to create a unified dataset within the target
domain, that can be used to infer the gene regulatory models. More formally,

let X =

[
XT

XŜ

]
∈ R(DT+DS)×N be the row augmented matrix built from ma-

trices XT and XŜ , and let {aY = [aYT | aYŜ ]; ∀a ∈ {1, . . . , A}} be the set of
augmented vectors built from vectors aYT and aYŜ for each kind of annotation
a ∈ {1, . . . , A}. Finally, Algorithm 2 is applied on the full dataset X, in order to
learn {f (g); ∀g ∈ G}, the set of gene regulatory models for the set of genes G,
with respect to the set of regulatory genes Φ ⊆ G. A schematic representation
of the overall pipeline is depicted in Figure 1.

Algorithm 1: Adapt Gene Expression Dataset
1 Input: XT , XS , {aYT ; ∀a ∈ {1, . . . , A}}, λ, γ;
2 XŜ ← CORAL(XS ,XT , λ);
3 for a← 1 to A do
4 aYŜ ← LabelSpreading(XT ,XŜ ,

aYT , γ);
5 end for
6 Return: XŜ , {aYŜ ; ∀a ∈ {1, . . . , A}};

Algorithm 2: Infer gene regulatory models
1 Input: X, R, Disc, Φ, G;
2 GRN ← ∅;
3 for g ∈ G do
4 Φ′ ← Φ \ {g};
5 z(g) ← Disc(X(g));
6 f (g) ← R(X(Φ′), z(g));
7 GRN ← GRN ∪ {f (g)};
8 end for
9 Return: GRN ;

3.6 Implementation and experimental protocol

In practice, the CORAL algorithm was implemented in Python, and the regu-
larization parameter was set to λ = 10−5. The LabelSpreading algorithm, from
the scikit-learn library [4], was employed with the default parameters. In, order
to infer GRNs from gene expression data, we relied on the GReNaDIne Python
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XT , {aYT }

XS Adapt

λ, γ

XŜ , {
aYŜ}

X, {aY} GRN
inference

Decision
Trees

Φ Γ

GRN

TFs
annotation

Genes
of interest

Fig. 1: Schema illustrating the TL-based approach used to align source and target
data for downstream GRN inference.

package [30]. This library trains ML algorithms, from the scikit-learn library [4],
to model the expression level of each gene as a function of the expression levels
of other regulatory genes. In this work, we trained, for each gene, a DT to clas-
sify the gene level as low or high. The binarization of the gene expressions was
ensured using the K-means algorithm, as suggested in [29]. In addition, we used
GReNaDIne’s clustering-based hyper-parameter tuning. This procedure clusters
genes according to their gene expression level, and then, for each cluster, it per-
forms a hyper-parameters grid-search exploration on the medoid gene, using a
3-fold cross-validation technique. Then, the selected hyper-parameters were used
for all the genes in the same cluster, and hence only few genes were used for the
hyper-parameter setting. Here, we explored a single hyper-parameter for the
DTs, namely the max_depth ∈ [1, 2, 3, 4, 5], to enforce simple trees, and prevent
overfitting. The remaining parameters were set to their default values. The qual-
ity of each model was assessed, using a 3-fold cross-validation technique, based
on standard classification metrics, namely the balanced accuracy, the Area Un-
der the ROC curve (AUROC) and the F1 score. We assessed the interpretability
of the models, by computing their number of nodes. In order to compare the
quality and interpretability of DTs w.r.t state-of-the-art black-box models, we
also fit, for each gene, a Random Forest (RF) classifier, and a Support Vector
Machine Classifier (SVM) as described in [29]. For the sake of reproducibility,
our implementation is made available online5.

In order to adapt the domains from the different datasets presented in Sec-
tion 3.1, we decided to apply the iterative approach illustrated in Figure 2. First,
the Allen dataset libraries from the hippocampus and the white matter tissues
domain were transferred to the neocortex domain (step 1•A). Then, all libraries
from Allen dataset, once fully transferred to the neocortex tissue domain, were
transferred to the Hisayama neuron domain (step 1•B). Similarly, the libraries
from the PS2APP dataset, corresponding to astrocytes and glia cell-types do-
mains were transferred to the neuron domain (step 2•A). Then, all library from
PS2APP, once transferred to the neuron cell type domain, were transferred
to the Hisayama domain. Even if both datasets correspond to neural cell type,
they have been obtained from different species, and thus this transformation aims
at aligning the species differences (step 2•B). Finally, all libraries that were pre-
5 https://gitlab.com/bf2i/ad-coral

https://gitlab.com/bf2i/ad-coral
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viously transferred to the Hisayama domain were adapted to the SH-SY5Y
cell line domain.

Fig. 2: Steps applied to transfer different datasets to the SH-SY5Y domain.

4 Results

4.1 Gene Expression Data Adaptation Qualitative Assessment

In order to assess the effectiveness of CORAL, we used the UMAP method [21]
to represent the expression profiles of the different samples before and after each
transfer step, as shown in Figure 3. Figure 3a shows that, once transferred to-
wards the neocortex domain, Allen libraries from hippocampus and white matter
lay in the same region as those from neocortex. Figure 3b shows an analogous
behaviour for CvsP2APP libraries, transferred from microglia and astrocyte
cell-type domains towards neuron cell-type domain. Similarly, as shown in Fig-
ures 3a and 3b, once mapped to the Hisayama neuron domain, all transferred
libraries both from Allen and CvsP2APP datasets, lay close to those from
the Hisayama dataset. Finally, Figure 3b shows that, all libraries laying on the
Hisayama neuron domain, once transferred towards the SH-SY5Y one, lay
next to target libraries, suggesting the effectiveness of CORAL despite the small
size of the target dataset.

Figure 3d represents all the libraries once mapped to the SH-SY5Y domain,
altogether with their corresponding AD conditions inferred via Label Spreading.
Interestingly, control samples tend to cluster together in the upper part of the
figure, next to control libraries, lay samples with low AD-like profile, while in
the rest distribution lay libraries with medium and high AD-like profiles.

4.2 GRN Inference assessment

As presented in Section 3.4, DT, RF and SVM models were trained to clas-
sify the expression level of all genes, as a function of the levels of expression
of other genes. The distribution of average test scores, for DT, RF and SVM
gene expression models, on the original SH-SY5Y dataset, and on the trans-
ferred dataset are depicted in Figure 4a. This figure shows that for all models,
the incorporation of transferred data increased substantially the models’ quality
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UMAP  CORAL transfer (steps I A and I B)

Allen cortex
Allen hippocampus
Allen white matter
Hisayama
Transfer 1 A
Transfer 1 B

(a)

UMAP  CORAL transfer (steps II A and II B)

CvsP2APP astrocyte
CvsP2APP microglia cell
CvsP2APP neuron
Hisayama
Transfer 2 A
Transfer 2 B

(b)
UMAP  CORAL transfer (step 3)

Hisayama
SH-SY5Y
Transfer 1 B
Transfer 2 B
Transfer 3

(c)

UMAP  A  concentration

High AD
Low AD
Medium AD
control

(d)

Fig. 3: UMAPs representing libraries expression profiles before and after transfer
step 1 (3a), step 2 (3b) and step 3 (3c). UMAP representing libraries expression
profiles transferred to the SH-SY5Y data domain, with the corresponding AD
conditions inferred by the LabelSpreading method (3d).

(higher than 0.3 for the different scores), and in this case both models exhibit
suitable performances. Furthermore, as expected, sophisticated RF and SVM
models have higher scores than DTs (around 0.1 for the different scores), but
also exhibit complex structures, with 7783.29 nodes in average for RFs, 386 pa-
rameters for SVMs and only 10.94 nodes in average for simple DTs. In addition,
the structures of DTs are particularly easy to read and interpret, as illustrated
for instance in Figure 4b. Hence, in such a biomedical context, it is reasonable
to opt for a limited loss of classification quality at the expense of a significant
gain in terms of interpretability.

4.3 Biological interpretations

In order to better understand the GRN inferred, we assessed whether it tends to
structure in communities that share common functional roles, as in [28]. To do
so, we extracted communities from the GRN using the Clauset-Newman-Moore
greedy modularity maximization technique [7], with default parameter settings.
Twelve communities containing between 17 and 57 genes were extracted. Then,
we evaluated the average level of collective over/under expression of genes from
each community, in each condition using the scanpy.tl.score_genes function,
as shown in Figure 5a. According to this Figure, community 5 is over-expressed
in High AD and under-expressed in Low AD, while communities 8 and 11 are
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Fig. 4: Average test score distributions for RFs, SVMs and DTs trained on data
including or not transferred instances (4a). Example of DT model for gene RelA,
"high" and "low" expression classes are depicted in red and blue (4b).
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under-expressed in High AD and over-expressed in Low AD and Control con-
ditions respectively. Regarding functional enrichment, all communities are in-
volved in regulation of transcription (e.g., regulation of transcription by RNA-
polymerase II), this was expected since only transcription factors were selected
in this work. But these communities also exhibit distinctive enrichment profiles:
Community 5 is involved in inflammation (e.g., cytokine production) and im-
mune response (e.g., CD4 positive), which is coherent with an AD-context of
general neuroinflammation (Figure 5b); Community 8 is involved in stress re-
sponse, which could be associated to an early step in AD development (Figure
5c); Finally, community 11 is involved in development and differentiation (e.g.,
cell fate commitment, animal organ development), which is coherent with the
maintenance of a cell and tissue differentiation state in the control condition
(Figure 5d). Finally, some important regulators known to be involved in AD are
present in community 5. Indeed, RelA is directly linked to AD, since it regulates
BACE1, an enzyme involved in the production of Aβ oligomers [6]. In addition,
RelA is an important component of the NF-κB pathway, which has been shown
to be widely involved in inflammatory responses in general, and to play a central
role in AD [36]. Interestingly, the interpretable DT modeling RelA expression,
shown in Figure 4b, points to other important regulators, such as Sox17. This
gene is known to be involved in so-called Wnt/β-catenin signaling pathway [27],
that revealed to be involved in a complex cross-talk with NF-κB [19]. Moreover,
it has been shown that inactivating Sox17 leads to a brain vascular perturbation
and disruption of the blood–brain barrier [8], which has been suggested to play
a role in cognitive impairment and AD pathogenesis [13]. Interestingly, Figure
4b shows that Sox17 under-expression is associated to RelA over-expression,
which suggests that AD is characterized by an antinomical pro-inflammatory
cross-talk between NF-κB and Wnt/β-catenin pathways. This hypothesis could
be assessed by downregulating Sox17 by RNA interference in a cell model of
Alzheimer’s disease and evaluating the expression level of RelA.

All the results, have been made available online6.

5 Conclusion

In this work we have proposed a method to infer interpretable GRNs from RNA-
seq datasets with few samples. To do so, our method relies on CORAL, a linear
feature-based domain adaptation method, and a semi-supervised label spreading
algorithm, in order to transfer data from a source to a target RNA-seq domain,
and then, train interpretable DTs on the transferred data. Using this technique,
we built a first interpretable GRN of key regulators of AD in the SH-SY5Y
cell-line model. We assessed the data transfer qualitatively using UMAP rep-
resentations, and we evaluated the quality of the models using well established
measures for classification, and compared their performance to state-of-the-art
complex models, including RFs and SVMs. This comparison revealed that TL
improves the quality of DTs, RFs and SVMs. Moreover, despite an expected loss
6 https://gitlab.com/bf2i/ad-coral.

https://gitlab.com/bf2i/ad-coral
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Fig. 5: Collective over/under expression of each community’s genes in each con-
dition (5a). Enriched biological functions for communities 5, 8 and 11 (5c,5b,5d).

of quality w.r.t. complex models, DTs maintain decent scores, and allow to easily
interpret the results. Further explorations based on communities extraction and
enrichment analysis, revealed that the GRN involved in AD-like phenotype of
SH-SY5Y cell lines exhibit inflammatory and immune functions. In addition, our
method has enabled us to identify important, well-known regulatory pathways
involved in AD and to highlight promising new regulatory genes that deserve to
be investigated experimentally in future work. The method proposed here is not
limited to AD, and the suitable results obtained here suggest that it could be ap-
plied to other small datasets. Nevertheless, as stated in [46], TL is not guaranteed
to be effective in every situation: Major differences between the source and target
domains, poor quality (e.g., noise, outliers) in the source or target datasets, as
well as deficiencies in the TL methods, can lead to negative transfer. To this end,
important future work includes performing an in-depth sensitivity analysis on
different datasets to assess the impact of different hyperparameters on the final
results, as well as exploring the limitations imposed by the quality and quantity
of available data, especially for small datasets. Furthermore, another promising
future research direction is the exploration of more advanced domain adaptation
techniques, such as adversarial domain adaptation, to potentially improve the
alignment between source and target domains.
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