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Abstract

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disorder characterised
by progressive motor neuron loss and marked molecular heterogeneity. This the-
sis presents a two-part computational multi-omic framework utilising the Answer ALS
cohort and publicly available single-cell RNA sequencing data to identify early-stage
biomarkers and nominate cell-type-specific therapeutic candidates through network-
guided drug repurposing.

In Part I, Weighted Gene Co-expression Network Analysis (WGCNA) of bulk RNA-
seq and ATAC-seq data from the Answer ALS cohort revealed that biological sex is the
dominant source of transcriptomic variance, completely masking disease-associated
signals in unsupervised global analyses. Sex-stratified network construction identified
a male-specific co-expression module enriched for non-coding RNAs at the DLK1–DIO3
locus, from which LASSO logistic regression distilled a seven-gene diagnostic signa-
ture with a cross-validated AUC of 0.719. Consensus clustering of chromatin accessi-
bility data identified a spurious two-cluster structure driven by Y-chromosomal mapping
artifacts, which resolved upon peak removal. Differential correlation analysis of paired
ATAC-seq and RNA-seq data further revealed a significant regulatory inversion at the
EIF5 locus, implicating dysregulated RAN translation as a potential upstream amplifier
of C9orf72-associated pathology.

In Part II, publicly available single-cell RNA sequencing data from TDP-43 ALS
cortex was used to construct cell-type-specific gene regulatory networks. Network
proximity-based drug repurposing identified significant candidates in the microglial and
oligodendrocyte modules, while the astrocyte and excitatory neuron networks lacked
sufficient topological density to nominate candidates. In microglia, the top-ranked com-
pounds converged on GABA-A receptor subunits, with additional pharmacologically
distinct candidates including venlafaxine, nortriptyline, pregabalin, and iloperidone. In
oligodendrocytes, the dominant signal was dopamine D2 receptor antagonism, with
ropinirole, risperidone, ziprasidone, and progesterone representing the highest-priority
candidates.

Together, these findings demonstrate that rigorous confounder correction, sex-
stratified analyses, and cell-type-specific network frameworks are essential for extract-
ing biologically meaningful signals from population-scale ALS omics data.
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Chapter 1

Introduction

Amyotrophic lateral Sclerosis (ALS) is a rapidly progressing neurodegenerative disor-
der. The condition was identified in 1869 by Jean-Martin Charcot, a French neurol-
ogist. ALS is characterized by the degeneration of lower and upper motor neurons,
particularly in the brain stem and spinal cord. This leads to a series of clinical symp-
toms, including increasing muscle weakness, stiffness, and widespread muscle wast-
ing. Irrespective of the site of onset, this condition culminates in full paralysis, often
leading to respiratory failure and death, usually occurring within two to five years af-
ter symptoms first appear. Most cases of the disease (approximately 90–95%) occur
sporadically with no clear family history, while the remaining 5–10% of cases are clas-
sified as familial ALS. Despite decades of research identifying genetic variants such
as mutations in SOD1, TARDBP, FUS, and the C9orf72 hexanucleotide repeat expan-
sion, the precise mechanisms driving the selective vulnerability of motor neurons in
sporadic cases remain incompletely understood.1 Currently, there is no cure for ALS.
Approved pharmacological treatments, such as riluzole and edaravone, are primar-
ily disease-modifying therapies that offer only minor extensions to survival. This is
attributed to our lack of understanding of the molecular mechanisms underlying the
disease.(Masrori and Van Damme, 2020)

1.1 Disease Modeling: From Post-Mortem Tissue to

iPSC Technology

A primary bottleneck in ALS research has been the difficulty of accurately modeling
the human central nervous system. Historically, researchers have relied heavily on
post-mortem human brain and spinal cord tissues. While these samples provide direct
insight into the human pathology, they present severe limitations for understanding the
origins of the disease. Post-mortem tissues represent the absolute end-stage of the
neurodegenerative process. By the time these samples are collected, the vast majority
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of vulnerable motor neurons have already undergone apoptosis, and the remaining
tissue is heavily infiltrated by reactive astrocytes and microglia, creating a state of
extensive gliosis that masks the initial molecular triggers of the disease. Consequently,
analyzing post-mortem spinal cord tissue makes it exceptionally difficult to distinguish
between the primary drivers of motor neuron death and the secondary inflammatory
responses resulting from tissue degradation.

To bypass the limitations of end-stage tissue, the field has shifted to human in-
duced pluripotent stem cell (iPSC) technology. By reprogramming somatic cells such
as fibroblasts or peripheral blood mononuclear cells derived directly from ALS patients,
researchers can generate patient-specific pluripotent lines. These lines can then be
directed to differentiate into spinal motor neurons in vitro. This approach allows the
researchers to model early-stage disease pathology prior to the onset of widespread
cell death.

The Answer ALS consortium is one such initiative that has expanded the scale of
iPSC-based research. This program was established to generate multi-omic data, in-
cluding whole-genome sequencing, transcriptomics, and epigenomics from over 1,000
patient-derived iPSC motor neuron lines.(Baxi et al., 2022) The primary objective
of such large-scale profiling is to identify reliable early-stage biomarkers and define
clinical-molecular subtypes within the highly heterogeneous ALS cases.

However, iPSC-derived data from the Answer ALS consortium introduces its own
set of methodological challenges. Workman et al (2023) highlighted that the tran-
scriptomic data are particularly driven by the expression of glial cells, which arises
from the variability resulting from the iPSC differentiation protocol. The tissue of origin
also introduces variability. Furthermore, biological sex emerged as a dominant source
of variance, with male-derived lines generating higher proportions of mature motor
neurons and exhibiting distinct stress-related metabolic profiles compared to female
lines(Workman et al., 2023)

These challenges are not limited to transcriptomics. In an analysis of the epige-
nomic landscape of the Answer ALS cohort, Tsitkov et al. (2024) performed ATAC-seq
on motor neurons derived from 380 ALS patients and 80 controls.(Tsitkov et al., 2024)
The initial analysis revealed that chromatin accessibility was dictated by technical and
biological confounders, including the patient’s biological sex, genetic ancestry, and se-
quencing variance. It was only after applying statistical corrections for these covariates
that a modest ALS male-associated signal was isolated. Importantly, the researchers
showed that after correcting the data, epigenomic signatures in early stages could ac-
curately predict the long-term clinical progression of the disease, achieving precision
similar to well-established clinical biomarkers(Tsitkov et al., 2024)

Therefore, the first aim of this thesis is to explore the early-stage regulatory land-
scape of ALS in vitro. By applying statistical frameworks that have not previously been
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explored in this context, we aim to isolate robust early-stage biomarkers and investi-
gate the existence of molecular subtypes from the paired ATAC and RNA-sequencing
data.

1.2 Drug Repurposing

The ultimate goal of identifying disease mechanisms and biomarkers is to translate
these findings into viable therapeutics. However, traditional de novo drug discovery
is an extraordinarily inefficient process. The standard pipeline involving target identifi-
cation, compound synthesis, preclinical animal testing, and multiple phases of human
clinical trials typically requires 10 to 17 years to complete. This is further exacerbated
by the financial burden of the process, with the average cost of bringing a single new
molecular entity to market estimated to be between $2 billion and $3 billion.(DiMasi
et al., 2016)

Furthermore, the probability of success is notably low; historically, only about 10%
of drugs entering Phase I clinical trials receive regulatory approval. In the context of
neurodegenerative diseases like ALS, the attrition rate is even higher. These drugs fail
in late-stage clinical trials primarily due to unforeseen toxicity, poor blood-brain barrier
permeability, or a lack of efficacy when moving from animal models to heterogeneous
human populations. Given that the median life expectancy for an ALS patient is under
five years, this highly failure-prone developmental timeline is inadequate.

Drug Repurposing serves as a faster alternative for drug development. This in-
volves using pre-existing clinically approved or investigational drugs that fall outside
their original medical scope. Because repurposed candidates have already under-
gone rigorous Phase I clinical testing to establish basic human safety, pharmacoki-
netics, and tolerability profiles, the risk of late-stage clinical failure due to unexpected
adverse events is significantly reduced. By bypassing the initial stages of basic safety
profiling, drug repurposing reduces the overall developmental timeline to roughly 3 to
12 years and capital investment to an average of $300 million. The overall success
rate for repurposed drugs reaching approval is estimated to be near 30%, substan-
tially higher than de novo efforts. For a rapidly progressing disease like ALS, drug
repurposing allows for faster adaptation of treatment strategies based on emerging
data and insights.

1.3 Computational Frameworks for Drug Repurposing

The recent growth of biological databases has transformed drug repurposing from clini-
cal observations into systematic, data-driven approaches using computational framework-
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based methods. These computational strategies can broadly be categorized into
expression-based, structure-based, and network-based approaches, each with its own
set of distinct advantages and limitations.

1.3.1 Expression-Based Repurposing

Expression-based drug repurposing relies on the principle of transcriptomic signature
matching. This method involves extracting a distinct gene expression profile (the up-
down differentially expressed disease signature) from patient tissues and comparing it
against large reference databases of drug-induced transcriptomic changes. The core
assumption is that if a specific drug induces gene expression changes that are per-
fectly inversely correlated with the disease signature, it serves as a viable therapeutic
candidate.

The most prominent platforms used for this approach are the CMap(Connectivity
Map) and the LINCS(Library of Integrated Network-Based Cellular Signatures) Database.
These databases contain thousands of transcriptomic profiles generated by treating
cultured cell lines with a vast array of small molecules. However, the utility of these
platforms in neurodegenerative research is severely limited due to their biological com-
position. The reference profiles in CMap and LINCS were generated almost entirely
using immortalized human cancer cell lines, such as MCF7 (breast cancer) or PC3
(prostate cancer)(Lamb et al., 2006)(Subramanian et al., 2017). As a result, neuronal
cell lines are underrepresented, limiting the relevance of these resources for neurode-
generative studies.

Cancer cell lines are known for their high proliferation rates, distinct metabolism,
and drastically different epigenetic landscapes when compared to terminally differen-
tiated, post-mitotic human neurons. A small molecule that effectively downregulates
an apoptotic pathway in a breast cancer cell line may yield entirely divergent tran-
scriptional effects in a human spinal motor neuron. Moreover, using standardized cell
lines often overlooks crucial patient-specific genetic contexts, such as polygenic risk
scores or specific repeat expansions, which are vital for understanding individual dis-
ease mechanisms.

As a result, while expression-based screening methods are highly efficient, the
predictions they generate frequently fail to translate effectively to the nervous system.
This disconnect underscores the fundamental biological differences between the ref-
erence data derived from cancer cell lines and the target tissue of interest, leading to
challenges in accurately modeling neurodegenerative diseases.
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1.3.2 Structure-Based Repurposing

Structure-based drug repurposing approaches, primarily molecular docking and ligand-
binding simulations, utilize high-resolution 3D physical structures of the target proteins
to predict the binding affinity of existing small molecules. These computational Simula-
tions calculate the thermodynamic favorability of a drug fitting into the active allosteric
sites of a specific protein, allowing researchers to screen thousands of compounds
rapidly.

While highly precise, structure-based repurposing requires comprehensive prior
knowledge of the target molecule. The researcher must know exactly which protein is
driving the disease and must have access to its crystallized structural conformation.
This presents a major obstacle in ALS research. Sporadic ALS lacks a single, definitive
pathogenic driver. Furthermore, primary pathological hallmarks of the disease, such
as the aggregation of the TDP-43 protein, are notoriously difficult to target directly.
TDP-43 is an essential RNA-binding protein, and attempting to bind its functional do-
mains with small molecules risks disrupting its critical physiological roles in healthy
cells. Therefore, approaches that rely entirely on predefined, single-target structures
struggle to address the systemic, polygenic nature of ALS.(Choudhury et al., 2022)

1.3.3 Network-Based Repurposing

Network-based drug repurposing offers a novel approach to validating drug targets,
addressing the limitations associated with single-target dependencies and biases from
individual cell lines. This methodology is grounded in the understanding that human
diseases arise not from isolated gene mutations, but from disruptions within highly in-
terconnected cellular subnetworks of the human interactome. In this context, diseases
can be depicted as specific ”disease modules,” which are clusters of dysregulated
genes, and any gene that resides within or immediately adjacent to this module is
statistically probable to exert a modulatory effect on the disease. Network-based re-
purposing evaluates therapeutic potential by calculating the topological proximity be-
tween the known targets of an existing drug and the identified disease module within
the interactome network.

The primary advantage of network-based approaches is that they are fundamen-
tally unsupervised. They do not require a priori knowledge of a specific, defined struc-
tural target, nor do they rely on exact 1:1 transcriptomic reversal matching. Instead,
they identify compounds that are capable of perturbing the broader physiological path-
ways associated with the disease.
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1.4 The Necessity of Single-Cell Resolution in Network

Drug Repurposing

Network-based approaches are effective for drug repurposing, but their accuracy re-
lies heavily on the quality of the transcriptomic data used to define disease modules.
Traditionally, these modules have been built using bulk RNA-sequencing data from
post-mortem brain or spinal cord tissue in ALS.

Bulk RNA-sequencing averages gene expression levels from millions of cells, which
poses a problem in heterogeneous diseases like ALS. This issue is particularly evident
in ALS, where disease progression is influenced not only by motor neuron defects but
also by the surrounding microenvironment. In healthy conditions, glial cells support
the central nervous system. However, in ALS, microglia become hyper-reactive, trig-
gering chronic inflammation(Geloso et al., 2017), astrocytes fail to maintain a stable
extracellular environment(Yamanaka et al., 2008), and oligodendrocytes(Philips and
Rothstein, 2013) struggle to support axon health. These distinct cell types show varied
responses to the disease, and using a single averaged model merges these conflicting
signals, leading to an inaccurate understanding of the pathology.

Modern single-cell RNA sequencing (scRNA-seq) techniques enable the profiling
of individual cells, allowing researchers to obtain cell-specific expression data. This ap-
proach presents an opportunity to construct cell-specific regulatory networks, offering
insights into potential druggable targets tailored to specific cellular contexts. Despite
its potential, this application remains largely unexplored within the field of amyotrophic
lateral Sclerosis (ALS). Consequently, our second thesis objective focuses on using
single-cell RNA sequencing to develop a method for drug repurposing stratergies.

1.5 Problem Statement and Thesis Objectives

The large-scale generation of population-scale iPSC datasets, combined with the com-
putational advancement of network biology and single-cell transcriptomics, offers a
distinct opportunity to decode the architecture of Amyotrophic Lateral Sclerosis. To
address these distinct analytical challenges, this thesis is structured into two comple-
mentary parts:

Part I focuses on the bulk transcriptomic and epigenomic alterations that charac-
terize early-stage ALS pathology. Utilizing the extensive Answer ALS in vitro cohort,
this section implements statistical frameworks that have largely remained unexplored
in this context to explore the existence of latent molecular subtypes and identify reli-
able early-stage biomarkers that are active prior to the onset of widespread cellular
apoptosis.
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Part II involves using Single-Cell RNA sequencing data and network-based drug
repurposing to infer cell-type-specific drug targets. This project seeks to develop a
computationally validated framework for drug repurposing. This approach will specif-
ically identify candidates designed to address the distinct failures of diverse cellular
populations in amyotrophic lateral sclerosis (ALS).
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Chapter 2

Methods

Part I

2.1 Weighted Gene Co-expression Network Analysis

(WGCNA)

Weighted Gene Co-expression Network Analysis Langfelder and Horvath (2008) is a
framework to infer correlation patterns among genes across large-scale datasets. It
assumes a simple guilt-by-association principle, whereby genes with synchronous ex-
pression profiles are inferred to be functionally related and to share common pathways,
etc. This approach reduces the dimensionality of the expression matrix into biologically
interpretable modules.

2.1.1 Adjacency Matrix Calculation

WGCNA begins with an adjacency matrix A = [aij] that calculates pairwise pearson
correlations and stores it as connection weights between genes. Rather than employ-
ing a hard threshold where values above or below a given threshold are set to 0, and
others are retained, WGCNA uses a soft thresholding system. Soft thresholding raises
the absolute value of correlation to a power β

aij = cor(xi, xj)
β (2.1)

This soft thresholding serves two purposes: first, it prioritizes stronger connections
while retaining biologically meaningful weaker ones. Second, it helps approximate a
scale-free network topology, a property of biological networks in which few genes are
highly connected and many have fewer connections.

In practice, the soft-thresholding power β is selected such that the resulting network
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approximates scale-free topology, typically by choosing the smallest β that yields a
scale-free topology fit index (R2) greater than ∼ 0.8. (Zhang and Horvath, 2005)

2.1.2 Topological Overlap Measure (TOM)

While the adjacency matrix considers only the direct relationship between two genes,
WGCNA employs an additional metric, the Topological Overlap Matrix (TOM), which
incorporates a third neighbor into the pairwise correlation. This helps capture a higher-
order network structure.

The topological overlap TOMij between genes i and j is defined as:

TOMij =
lij + aij

min(ki, kj) + 1− aij
(2.2)

Where:

• lij =
∑

k ̸=i,j aikakj represents the sum of the products of adjacencies through
shared neighbors k.

• ki =
∑

j aij is the connectivity (degree) of gene i.

• The denominator min(ki, kj) + 1 − aij normalizes the measure to ensure 0 ≤
TOMij ≤ 1.

2.1.3 Dissimilarity and Clustering

The TOM matrix is converted to a dissimilarity matrix, and hierarchical clustering is
performed.

dTOM
ij = 1− TOMij (2.3)

After clustering, the Dynamic Tree Cut algorithm is applied to the dendrogram. It
identifies modules by adaptively cutting the tree based on its hierarchical structure,
defining modules as distinct branches of the resulting dendrogram.

2.1.4 Module Eigengenes (ME)

Modules are represented by the Module Eigengene (ME), which is the first principal
component of the module’s expression matrix. The ME acts as a mathematically opti-
mal summary of the “average” expression profile for all genes within a module across
samples.

The calculation is performed via Singular Value Decomposition (SVD) on the stan-
dardized expression matrix X(q) of module q:
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X(q) = UDV T (2.4)

Where the first column of the matrix V corresponds to the module eigengene E(q).

2.1.5 Trait-associated Modules

The Biologically relevant modules are identified by correlating the module eigengenes
with clinical traits (T ). This relationship, termed Eigengene Significance, is quantified
as:

Significance = cor(E(q), T ) (2.5)

A high absolute correlation indicates that the module’s aggregate expression is
significantly associated with the clinical phenotype of interest.

2.1.6 Hub Genes

Hub genes are highly connected, centrally positioned nodes that potentially drive the
biological processes underlying a module. They are identified through two primary
connectivity metrics:

• Intramodular Connectivity (kIM ): The sum of adjacencies within the module:

ki =
∑

j∈q, j ̸=i

aij (2.6)

• Module Membership (kME): The correlation between a gene’s expression pro-
file xi and its module eigengene:

kMEi = cor(xi, E
(q)) (2.7)

Genes with kME ≈ 1 are considered “intramodular hubs” and are prioritized as
key biomarkers or therapeutic targets.

2.2 Biomarker Identification using Lasso

Lasso Penalty Regression was applied to the WGCNA-derived models to establish a
minimal set of diagnostic genes for detecting ALS; we used the glmnet package for this
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(Friedman et al., 2010). LASSO handles high-dimensional predictors by simultane-
ously regularizing and performing variable selection, producing a sparse, interpretable
set of gene-level predictors.

This we get by minimizing the negative log-likelihood with an ℓ1 penalty:

ŵ = argmin
w

{
− 1

n

n∑
i=1

[
yi log pi + (1− yi) log(1− pi)

]
+ λ∥w∥1

}
, pi = σ(x⊤

i w),

(2.8)
The regularization parameter λ was selected via k-fold cross-validation using cv.glmnet

function, with the optimal value chosen based on minimum cross-validated deviance
(or the one-standard-error rule for increased sparsity). We retained genes with non-
zero coefficients as candidate biomarkers, and the sign of each coefficient indicates
how each gene is associated with disease status.. Model performance was evaluated
using cross-validated area under the receiver operating characteristic curve (AUC–
ROC).

2.3 Patient Subtyping

2.3.1 Latent Factor Extraction via nsNMF

Non-negative Matrix Factorization (NMF) is an unsupervised dimensionality-reduction
method used to identify latent molecular subtypes and sparse gene expression pro-
grams from high-dimensional transcriptomic (Pascual-Montano et al., 2006) (Gaujoux
and Seoighe, 2010). Standard Non-negative Matrix Factorization (NMF) decomposes
a matrix into two lower-rank matrices: W and H. The matrix W represents genes
versus latent factors, where the latent factors can be interpreted as biological pro-
grams(gene x Latent Factor Matrix). Meanwhile, H captures the contribution of each
program across different patients(Latent Factor x Patient matrix). Here, we employed
an extension of standard NMF that incorporates an intermediate square smoothing
matrix S, such that the target matrix is approximated as V ≈ WSH, where W is the
basis matrix, H is the mixture coefficient matrix, and S is the smoothing matrix math-
ematically defined as

S = (1− θ)I +

(
θ

r

)
Jr (2.9)

where θ ∈ [0, 1] is a smoothing parameter, I is the r × r identity matrix, Jr is the
r × r all-ones matrix, and r is the number of latent factors. When θ = 0, S reduces
to the identity matrix, recovering standard NMF; when θ = 1, S becomes a uniform
matrix, imposing maximal smoothing across factors. To identify latent transcriptomic
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subtypes in this study, nsNMF was applied to the 5000 most variably accessible re-
gions of the filtered gene expression matrix using the NMF R package (Gaujoux and
Seoighe, 2010)with the smoothing parameter set to θ = 0.5. This specific parameter
provides a moderate smoothing effect, enforcing a controlled sparseness that enables
the extraction of subtype-specific metagenes while preventing the model from becom-
ing overly smooth. To ensure algorithmic stability and avoid local minima, the factor-
ization was executed with nrun = 1000 independent iterations utilizing random initial
seeding. Global cluster stability was subsequently quantified using the cophenetic
correlation coefficient derived from the resulting consensus matrix.

2.3.2 Consensus Clustering

Consensus clustering is an ensemble method that identifies stable molecular subtypes
by aggregating results across multiple iterations of a base clustering algorithm. The
framework was implemented using the R package ConsensusClusterPlus, which con-
structs a symmetrical N×N consensus matrix from repeated subsampling of samples
and features (Wilkerson and Hayes, 2010). Each entry in this matrix represents the
frequency with which a pair of samples is grouped, providing a quantitative measure of
stability that is less sensitive to noise and the stochastic initialization of traditional al-
gorithms like k-means. To apply the algorithm, we evaluate a range of potential cluster
counts (k) by analyzing the Cumulative Distribution Function (CDF) of the consensus
matrix. The CDF summarizes the distribution of consensus values across all sample
pairs, where a flatter CDF plateau indicates more stable clustering. Once the optimal
clusters are established, their clinical significance is validated by assessing associa-
tions with phenotypic variables. Categorical clinical data are analyzed using Fisher’s
Exact Test, while continuous, non-normally distributed variables are evaluated using
the Wilcoxon Rank-Sum Test. We ran the ConsensusClusterPlus algorithm with 1,000
resampling iterations and a subsampling proportion of 80% for both samples and fea-
tures with agglomerative hierarchical clustering as the base algorithm.

2.4 Transcription Factor Activity Prediction

High-throughput transcriptomic data is inherently high-dimensional and notoriously
noisy, making steady-state mRNA levels a poor proxy for functional transcription factor
(TF) activity. To overcome this, we use the PSIONIC(Osmanbeyoglu et al., 2019a)
framework, a TF activity inference method that relies on a prior” set of regulatory re-
lationships to gain deeper biological insight. This prior could be constructed from
other databases or through ATAC datasets. In our context, we used paired ATAC-
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seq chromatin accessibility data to construct a more informative, context-specific prior.
The implementation of the methodology begins with the ChIPpeakAnno(Zhu et al.,
2010) package, which is used to annotate open chromatin peaks to their nearest
genes based on proximity. In parallel, each accessible chromatin peak is scanned
against a curated TF binding motif reference database using FIMO(Grant et al., 2011)
(p < 10−5), which assigns each peak to one or more TF binding motifs; The maxi-
mum motif score across all peaks assigned to a gene is then used to populate the
regulatory feature matrix X (genes × TF). To refine the resulting feature matrix and
address redundancy in transcription factor binding profiles, we calculate a pairwise
Jaccard Index among the TFs based on their binding sites and remove highly overlap-
ping target sets. This preprocessing step ensures that the subsequent Group-ordered
Multi-task Learning (GO-MTL)(Kumar and Daumé, 2012) framework receives a distinct
and non-redundant set of regulatory signals as input for modeling. The framework fur-
ther operates on Y (genes × patients), the normalized RNA-seq expression matrix,
with the goal of learning W (TF × patients), a matrix of patient-specific TF activities,
by solving the regression Y ≈ XW across all patients simultaneously. The core of the
prediction framework employs the GO-MTL architecture to jointly model W as a fac-
torization W = LS, where L (TF × K) contains K shared latent regulatory programs
capturing co-regulated TF–gene relationships across the cohort, and S (K × patients)
holds the sample-specific mixing coefficients that reconstruct each patient’s regulatory
profile as a linear combination of these K latent archetypes. This multi-task learning
(MTL) approach allows the model to “borrow strength” across related patient samples,
significantly improving the robustness of the inferred activities compared to single-task
methods. Finally, to test the model’s performance, we use Spearman’s correlation
between predicted and measured gene expression levels, providing a nonparametric
validation of the model’s accuracy in capturing transcriptional regulation

2.5 Regulatory Rewiring

To identify regulatory changes, we performed a differential correlation analysis of ATAC-
seq peaks with their nearest genes. The ChIPpeakAnno R package(Zhu et al., 2010)
was used to annotate the peaks to gene based on their proximity. We summed the
peaks in the neighbourhood of each gene and computed the Spearman correlation
between each gene’s RNA expression and its matched ATAC accessibility score, sep-
arately for the ALS and control groups. To identify these rewired regulatory links, we
compared the correlation coefficients from the two groups using Fisher’s r-to-z trans-
formation to calculate a z-difference score. Then a filter of q value < 0.05 was applied
to get the significant rewired peaks.
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Part II

2.6 Single-Cell RNA Sequencing Data Processing

For the purposes of drug repurposing, we selected the pTDP-43-high samples and
matched control samples from (Wang et al., 2025). Single-cell RNA sequencing data
processing and quality control were performed using the Scanpy package in Python
(Wolf et al., 2018). Raw count matrices were filtered to remove low-quality cells based
on mitochondrial and ribosomal gene expression thresholds. The data underwent
total-count normalization followed by log1p transformation. Principal Component Anal-
ysis (PCA) was utilized for initial dimensionality reduction, and batch effects across
samples were corrected using the Harmony algorithm (Korsunsky et al., 2019). A k-
nearest neighbours graph was constructed to compute the Uniform Manifold Approxi-
mation and Projection (UMAP) for two-dimensional visualization, and Leiden commu-
nity detection was applied for cell clustering.

2.7 Cell Type Annotation

Cluster-specific marker genes were identified using the Wilcoxon rank-sum test, fa-
cilitating the manual annotation of distinct central nervous system cell types, includ-
ing oligodendrocytes, microglia, astrocytes, and excitatory neurons. Cluster identi-
ties were determined by cross-referencing the identified marker genes against the
PanglaoDB (Franzén et al., 2019) reference library, a curated database of cell type-
specific marker genes. Given their established implications in ALS pathology, subse-
quent analyses were restricted to these four cell populations.

2.8 Pseudobulk Differential Expression Analysis

To identify disease-associated transcriptomic changes, cells from each annotated clus-
ter were aggregated into pseudobulk profiles by summing raw counts across cells be-
longing to the same sample and condition. This pseudobulk approach accounts for
within-sample correlation and enables the application of count-based statistical frame-
works. Differential expression analysis between ALS and control pseudobulk profiles
was performed using the PyDESeq2 package (Muzellec et al., 2023), which implements
the DESeq2 negative binomial model in Python. Genes passing a significance thresh-
old of adjusted p < 0.05 and | log2 FC| > 1 were considered differentially expressed.
The resulting sets of significantly dysregulated genes per cell type were subsequently
used as disease seed genes for network propagation analyses.
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2.9 Network Construction

For each cell type cluster in both the ALS and control conditions, we constructed a bi-
ological network using the SCENIC package. This yielded a hierarchical graph repre-
senting each transcription factor (TF) and its regulatory interactions with target genes.
These graphs were used to calculate differential rewiring between conditions. How-
ever, for the subsequent drug repurposing step, TFs pose a challenge as they are
largely not directly druggable. To address this, we computed pairwise cosine similarity
between the gene–TF importance score vectors derived from SCENIC. This allowed
us to convert the bidirected hierarchical graph into a undirected graph in which TFs
are removed while their regulatory information is preserved

2.10 Calculating Differential Rewiring

Network topology was analyzed using the NetworkX library in Python to compute be-
tweenness centrality for each transcription factor in both the ALS and control networks.
A Disorder Influence (DI) score was calculated as the base-2 logarithm of the ratio be-
tween disease and control centrality.(Gupta et al., 2025)

DI = log2

(
BCdisease

BCcontrol

)
(2.10)

This quantified the regulatory influence gained or lost by each transcription factor
during the disease state.

2.11 Candidate Drug Filtering for Neuro-Therapeutics

Drug-target interaction data were retrieved from DrugBank (Wishart et al., 2006) and
DGIdb(Freshour et al., 2021), from which non-antineoplastic, FDA-approved drugs
were selected. These candidates were subsequently cross-referenced with the Blood-
Brain Barrier Database (B3DB)(Meng et al., 2021) to retain only compounds with con-
firmed BBB permeability,

2.12 Candidate Prioritization for Drug Targets

BBB-permeable drug-target interaction data were mapped onto the co-regulatory gene
network. To assess the proximity of each drug’s targets to the ALS disease module,
differentially expressed genes from the annotated cell types were used as disease
seeds. The proximity of a drug to the disease module was quantified using the mean
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shortest path distance between the drug’s target genes T and the disease gene set G,
defined as:

dTG =
1

|T |
∑
t∈T

min
g∈G

d(t, g) (2.11)

where d(t, g) denotes the shortest path length between target node t and disease
gene g in the network. To establish statistical significance, a degree-preserving null
model was constructed by binning network nodes within a degree difference of 10
and randomly sampling bin-matched nodes across 1,000 permutation iterations. The
mean proximity distance across these iterations formed the null distribution, against
which the observed drug-target proximity score was compared. A Z-score was then
derived by standardizing the observed distance against this null distribution, and drugs
were subsequently ranked based on this Z-score.
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Chapter 3

Results

3.1 Global Network Analysis Reveals Confounding by

Sex and other variables

To identify systems-level transcriptional changes associated with ALS, we initially con-
structed a weighted gene co-expression network using the entire AnswerALS cohort
(N=1,100 samples). Soft-thresholding power selection was performed to achieve a
scale-free topology fit index (R2 > 0.8).

However, module-trait association analysis revealed that the primary drivers of vari-
ance in the global network were not related to disease pathology. Several modules
showed strong, significant correlations with biological confounders, most notably the
biological sex of the participants. Crucially, no single module in the global analysis dis-
played a statistically significant association with the primary disease status (ALS vs.
Control) after correction for multiple testing. This finding is consistent with our Principal
Component Analysis (PCA), where PC1 was also strongly driven by sex differences
rather than disease status.

Given the strong confounding effect of sex observed in the global network, we
hypothesized that sexual dimorphism might be masking disease-relevant signals. To
address this, we stratified the dataset and constructed independent co-expression net-
works for the male and female cohorts.

This stratification strategy proved effective. In the male-specific network, we identi-
fied a distinct co-expression module that was significantly correlated with ALS disease
(Figure 3.1). This module (referred to hereafter as the green module) displayed a
positive correlation with the ALS phenotype.

In contrast, the female-specific network failed to yield a module with a comparable
association to disease status, suggesting that the transcriptional program captured in
the male green module is highly specific to the male disease pathology. Consequently,
we prioritized this male-specific module for downstream biomarker identification, using

17



its constituent genes as the input feature set for LASSO regression modeling

Figure 3.1: Heatmap of module-trait correlations. The Y-axis shows the co-expressed
modules (by color) and the X-axis shows the traits. Each box contains the correlation
value (top) and p-value (bottom)

3.2 Identification of a Male-Specific Diagnostic Gene

Signature

We first characterized the composition of the significant male-specific co-expression
module to understand the biological context of this disease driver. The module, com-
prising approximately 75 genes, displayed a striking enrichment for non-coding and
regulatory genes rather than canonical protein-coding genes. Specifically, the module
was heavily populated by the SNORD family of small nucleolar RNAs (e.g., SNORD113-
6, SNORD114-3), which are known to guide chemical modifications of other RNAs.
Additionally, we observed a dense cluster of microRNAs (e.g., MIR127, MIR370, MIR433)
and Zinc Finger proteins (e.g., ZNF682, ZNF528-AS1), suggesting this module rep-
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resents a coordinated regulatory network involved in transcriptional repression and
post-transcriptional modification rather than a simple downstream effector pathway.

To distill this broad regulatory network into a clinically viable diagnostic panel, we
applied LASSO (Least Absolute Shrinkage and Selection Operator) logistic regression
to the module’s gene set. This regularization method was selected to mitigate over-
fitting by penalizing complex models and shrinking the coefficients of less informative
features to zero. From the initial 75-gene input, the algorithm converged on a minimal,
sparse signature of 7 robust predictors (Figure 4.2)

The final LASSO-derived model achieved a cross-validated Area Under the Curve
(AUC) of 0.719, indicating moderate but robust predictive power. The resulting 7-gene
signature included FAM50B, LINC02301, and HSPA2 as positive predictors (associ-
ated with ALS cases), while genes such as ZNF682 were identified as negative pre-
dictors (associated with healthy controls).

(A) (B)

Figure 3.2: LASSO Model Performance and Gene Coefficients. (A) ROC curves eval-
uating the performance of the Lambda.min (AUC = 0.719) and Lambda.1se (AUC =
0.689) models. (B) Selected gene coefficients from the Lambda.min model.

3.3 Absence of Latent Transcriptomic Subtypes via NMF

To determine if the heterogeneous ALS cohort could be stratified into distinct molecular
subtypes, we applied Non-negative Matrix Factorization (NMF) to the gene expression
data. Despite utilizing an algorithm designed to enforce sparsity and enhance bio-
logical interpretability, the decomposition failed to yield stable or biologically relevant
latent factors (Figure 4.3). The analysis did not identify consistent patient subgroups
across a range of factorization ranks, as indicated by the lack of distinct patterns in the
consensus matrix. Furthermore, the resulting basis vectors failed to capture coherent
gene expression programs that could distinguish ALS
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(A) (B)

Figure 3.3: NMF Gene and Sample Loadings. (A) Gene loadings (W) plot showing
gene contributions to latent factors 1 and 2. (B) Sample loadings (H) plot showing
sample contributions to latent factors 1 and 2.

3.4 Identification of Technical Artifacts in Chromatin

Accessibility Clustering

We initially applied consensus clustering to the RNA-seq dataset to identify robust
patient subtypes based on transcriptional profiles. However, consistent with the NMF
results, this analysis failed to yield any stable clusters or distinct patient subgroups.

In contrast, when we applied the same methodology to the ATAC-seq chromatin
accessibility data, the algorithm initially identified two distinct and statistically stable
clusters (k=2) (Figure 4.4). To investigate the biological drivers of this separation,
we constructed a heatmap of the most variable accessible regions (VARs) across the
cohort. Analysis of the top 100 most variable peaks revealed that the clustering was
not driven by a broad genome-wide signature but rather by a specific, narrow locus of
peaks.

Detailed annotation of these driving features identified them as Y-linked genomic
regions. Inspection of the raw data showed that these peaks possessed a count value
of exactly 1 in a specific subset of samples, effectively functioning as a binary tech-
nical variable rather than a continuous biological signal. To determine if these peaks
had any functional consequencess on disease pathology, we integrated the matching
transcriptomic data and investigated the expression of genes associated with these
specific chromatin peaks. We found no significant alteration in gene expression of the
genes associated with these peaks between the two identified clusters.

Consequently, we hypothesized that the clusters were a technical artifact driven by
sex-specific mapping or low-level noise rather than disease biology. Upon removing
these specific Y-linked peaks from the dataset and re-running the consensus cluster-
ing, the stable two-cluster structure ceased to exist. This confirmed that the initial
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separation was an artifact and that no robust molecular subtypes were present in the
chromatin accessibility data after quality control.
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Figure 3.4: (A) Consensus matrix for k=2, indicating two stable clusters (blue blocks).
(B) Consensus CDF plot for k=2 to 12. (C) Heatmap showing the expression values of
the most variable peaks (Y-axis) across samples (X-axis), with columns arranged by
the two clusters identified in (A).
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3.5 Identification of Regulatory Rewiring at the EIF5

Locus

To move beyond simple differential expression and identify changes in gene regulation,
we performed a differential correlation analysis integrating the transcriptomic (RNA-
seq) and chromatin accessibility (ATAC -seq) data.

This analysis identified a significant regulatory rewiring event involving the gene
EIF5 (Eukaryotic Translation Initiation Factor 5). In healthy controls, the expression
of EIF5 exhibited a significant negative correlation (r = −0.36) with a proximal chro-
matin peak. In the ALS cohort, however, this regulatory relationship was significantly
disrupted. The correlation coefficient inverted to a positive value (r = 0.15), yielding
a highly significant z-difference score of 4.77 (p = 1.8 × 10−6; q = 0.03), indicating a
statistical inversion of the regulatory logic at this locus.

To infer patient-specific transcription factor (TF) activity, we implemented the PSIONIC
framework, which integrates ATAC-seq and RNA-seq data to model gene regulation.
To ensure the robustness of the inferred activities, we performed a rigorous hyperpa-
rameter optimization, systematically varying the regularization strength and the num-
ber of latent regulatory factors.

Model performance was evaluated by computing the Spearman correlation be-
tween the predicted gene expression (derived from the inferred TF activities) and the
actual measured gene expression from the RNA-seq data. Across all tested parameter
configurations, the model’s predictive accuracy remained consistently low. The global
Spearman correlation between predicted and observed expression failed to exceed
0.14 in any iteration.

Given that this correlation threshold indicates a weak ability to capture the regu-
latory logic linking chromatin accessibility to gene expression in this dataset, we con-
cluded that the inferred TF activities lacked sufficient fidelity for biological interpreta-
tion. Consequently, the analysis was halted at this validation stage, and downstream
differential TF activity assessment was not performed.

RESULTS- PART II

3.6 StringDB Analysis of Rewired Transcription Fac-

tors reveal Disease Modifiers

To understand the functional protein-protein interactions among the top-ranked tran-
scription factors, the candidates derived from the differential centrality analysis were
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provided to STRINGdb. STRINGdb successfully identified a dense cluster of proteins
based on our input list in the oligodendrocyte and microglia cell types. To further re-
solve this network, we applied the Markov Cluster Algorithm (MCL) using the default
parameters. The MCL clustering revealed that a remarkably large number of these
proteins share highly interconnected interactions, with the vast majority coalescing
tightly into a primary, dominant module, which we designated as Cluster 1

Following the identification of this interconnected cluster, we queried the specific
list of genes comprising Cluster 1 against eVGeMdb(Singh et al., 2026), a manually
curated database of experimentally validated genetic modifiers for neurodegenerative
disorders. we found that more than half of the genes within this cluster (particularly
those highlighted in the microglia and oligodendrocyte datasets) consisted of biologi-
cally validated neuro-disease modifiers (Figure 4.5).

This extraordinarily high concordance is particularly interesting when considering
the shared pathophysiological pathways that bridge these diverse neurodegenera-
tive diseases. Multiple neurodegenerative conditions, including ALS, Alzheimer’s, and
Parkinson’s disease, share converging molecular mechanisms such as impaired pro-
teostasis, chronic neuroinflammation, oxidative stress, and mitochondrial dysfunction.
The fact that the nodes within Cluster 1 act as shared modifiers across these con-
verging pathways highlights their robust potential as prime, broad-spectrum targets for
drug repurposing intervention.
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Figure 3.5: Oligodendrocyte and Microglia StringDB Networks of Differentially Rewired
Transcription Factors. (A) Oligodendrocyte StringDB network. (B) Microglia StringDB
network.
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3.7 Drug Repurposing Results

Drug repurposing analysis of the microglial module nominated 23 compounds meet-
ing the significance threshold (Z ≤ −1.5). The top-ranked compound, topiramate
(Z = −2.082), targets GRIK2, GRIK4, GRIA2–4, SCN8A/9A, and INSR. Etomidate
(Z = −2.045) and volatile anaesthetics — isoflurane (Z = −1.788), methoxyflurane
(Z = −1.723), halothane (Z = −1.717), and desflurane (Z = −1.538) — act as posi-
tive allosteric modulators of GABA-A receptor subunits, particularly 2/3-containing re-
ceptors. A benzodiazepine cluster comprising midazolam (Z = −1.659), lorazepam
(Z = −1.609), flunitrazepam (Z = −1.592), clobazam (Z = −1.588), clonazepam
(Z = −1.562), clotiazepam (Z = −1.513), and quazepam (Z = −1.504) converged
on the α/γ subunit interface of GABA-A receptors. Beyond the GABAergic cluster,
venlafaxine (Z = −1.680) targeted GRIK4 and SLC6A4/SLC6A2, nortriptyline (Z =

−1.643) targeted GRIA3 and GRIK2, pregabalin (Z = −1.583) targeted CACNA2D1,
CACNA1B, and CACNB3, and iloperidone (Z = −1.566) targeted NRG3. The astro-
cyte and excitatory neuron modules exhibited broader topological dispersion, yielding
no candidates satisfying the (Z ≤ −1.5) threshold.

The analysis of the oligodendrocyte module identified several compounds satis-
fying the predictive threshold (Z ≤ −1.5), consistent with the observation that the
TDP43high cortex exhibits a statistically significant downregulation of myelin-associated
genes including MOG, MOBP, and MBP, alongside a high proportion of premature,
pre-myelinating oligodendrocytes. The predominant drug class identified was DRD2
antagonists, with risperidone (Z = −2.124), pimozide (Z = −2.063), sulpiride (Z =

−1.787), bromperidol (Z = −1.900), cabergoline (Z = −1.807), chlorpromazine (Z =

−1.614), and ropinirole hydrochloride (Z = −1.546) all satisfying the threshold and
converging on DRD2 as a primary gene target. Ziprasidone (Z = −2.239), the highest-
ranked compound in this module, targets CDH4, a cell adhesion molecule implicated
in oligodendrocyte–axon contact. Risperidone additionally targets GRM3, GRID2, and
TJP1, implicating glutamate signaling and tight junction integrity within the oligoden-
drocyte compartment. The steroid hormone progesterone (Z = −1.906) also satisfied
the threshold, engaging the broadest target profile in this module including NRG1,
MAPK1, NFE2L2, TDP1, and the progesterone receptor PGR. Ethanol (Z = −2.137)

similarly satisfied the threshold, targeting GABA-A and NMDA receptor pathways. The
full ranked drug list for this module is presented in Fig. 4.6.
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Figure 3.6: Drug Repurposing Volcano Plots for Oligodendrocytes and Microglia
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Chapter 4

Discussion

4.1 Overview of Findings

In the following discussion, we will place the key findings in the context of current
ALS research, explore the broader implications of these results for our understanding
of ALS pathogenesis, and discuss the potential therapeutic candidates that emerged
from our scRNA based network-guided drug repurposing efforts, framing them within
the relevant clinical and preclinical evidence available.

4.2 The Confounding Role of Sexual Dimorphism in

ALS Transcriptomics

In our initial efforts to map the global transcriptional landscape of ALS using Weighted
Gene Co-expression Network Analysis (WGCNA), we faced a significant challenge:
the main factors influencing variance were closely linked to the biological sex of partic-
ipants rather than their disease status. The findings were further supported by Princi-
pal Component Analysis (PCA) which showed that the main component (PC1) demon-
strated a clear separation between the patients driven entirely by their sex.

Sexual dimorphism in ALS is a well-established observation. Men generally have
a higher lifetime risk of developing sporadic ALS compared to women, and there are
notable differences in the clinical progression of the disease between the sexes. Re-
cent whole-genome sequencing studies have shed light on this issue, showing that
female ALS patients carry a significantly higher load of rare, harmful variants in genes
associated with ALS than their male counterparts. This supports the idea of a ”female
protective effect,” suggesting that women may require a greater genetic burden to trig-
ger motor neuron degeneration, potentially influenced by unique endocrine factors, like
progesterone, or differences in neuro-immune responses (Trojsi et al., 2020; Grassano
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et al., 2026).
Our initial WGCNA model, which did not take sex into account, failed to identify any

statistically significant disease-related module, highlighting how combining male and
female data can obscure important sex-specific signals. However, when we stratified
the dataset by sex, we uncovered a unique male-specific co-expression module that
was strongly linked to the ALS phenotype. Interestingly, we did not find a similar mod-
ule for females, suggesting that the transcriptional changes associated with male ALS
are highly specific to the male environment. In contrast, female ALS pathology might
be more varied or managed by protective mechanisms within the transcriptome.

These insights strongly indicate that biological sex cannot simply be treated as a
standard variable in linear models and then regressed out. To accurately identify the
different drivers of disease in neurodegenerative research, it’s crucial to conduct sex-
stratified network analyses.

4.3 Characterization of the Male-Specific Diagnostic Gene

Signature

To distill the broad male-specific regulatory network into a clinically viable diagnostic
panel, LASSO logistic regression was applied, successfully converging on a sparse,
7-gene signature with a cross-validated AUC of 0.719. Biologically, this module de-
viates significantly from classical executioner pathways of excitotoxicity or neuroin-
flammation. Instead, it is overwhelmingly populated by upstream regulatory elements,
including non-coding RNAs (ncRNAs), small nucleolar RNAs (snoRNAs), and Zinc
Finger (ZNF) proteins. Notably, ncRNAs have emerged as critical regulators of gene
expression in ALS, with several long non-coding RNAs and microRNAs previously im-
plicated in motor neuron degeneration, TDP-43 dysfunction, and disease progression
(Gagliardi et al., 2012).

A defining feature of the male-specific module is the strong enrichment of non-
coding RNAs originating from the DLK1–DIO3 locus on chromosome 14q32, including
members of the SNORD113 and SNORD114 snoRNA families (e.g., SNORD113-6,
SNORD114-3) and microRNAs such as MIR127, MIR370, and MIR433 (Benetatos
et al., 2013). This region is a conserved, maternally imprinted genomic domain that
regulates neurodevelopment and cellular differentiation and has been implicated in
FUS-associated ALS (Capauto et al., 2018). Given the severe oxidative and metabolic
stress experienced by ALS motor neurons, dysregulation of the DLK1–DIO3 cluster
may promote abnormal tRNA fragmentation and disrupt translational homeostasis,
thereby contributing to proteostatic failure in diseased neurons (van Ingen et al., 2022).

The LASSO signature also identified FAM50B, LINC02301, and HSPA2 as positive
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predictors of ALS, and ZNF682 as a negative predictor. Notably, differential expression
analyses in C9orf72 ALS patients have reported significant downregulation of HSPA2,
and functional studies in C9orf72 fly models suggest that HSPA2 exerts a neuropro-
tective effect that slows neurodegeneration (NeuroLINCS Consortium et al., 2021).
FAM50B is an imprinted gene regulated by a promoter-associated differentially methy-
lated region; its increased expression may indicate loss of imprinting or dysregulated
methylation states within the ALS epigenetic landscape(Zhang et al., 2011). Long
non-coding RNAs can function as molecular scaffolds that recruit chromatin-modifying
complexes to specific genomic loci. Dysregulation of such RNA scaffolds can per-
turb chromatin organization and RNA-binding protein networks, processes that are
frequently disrupted in ALS. (Tsai et al., 2010).

4.4 Methodological Artifacts in Subtyping and TF In-

ference

NMF and Early Stage Tissue Heterogeneity
In our attempt to discover latent transcriptomic subtypes within the cohort, Non-

negative Matrix Factorization (NMF) failed to yield stable or biologically relevant clus-
ters. While NMF-based methods have successfully categorized late stage Post-Mortem
ALS into distinct transcriptomic subtypes (e.g., ALS-Ox, ALS-Glia, ALS-TE) Tam et al.
(2019), the mathematical failure of NMF in our matrix likely stems from the inherent lim-
itations of linear factorization algorithms. Early-stage iPSCs from answerALS tend to
display relatively homogeneous transcriptional programs, strong protocol- and batch-
driven variability; these features substantially reduce the separability of subtle sub-
type signatures in bulk expression matrices. Consequently, simple linear factorization
cannot reliably disentangle these early, cell-state differences without more expressive
non-linear neural-network architectures.

ATAC-seq Mapping Artifacts
A critical methodological observation emerged during the consensus clustering of

the ATAC-seq chromatin accessibility data. An initial, highly stable two-cluster struc-
ture (k = 2) was identified. However, detailed annotation revealed that this separation
was driven entirely by accessible regions mapped to the Y chromosome. Because fe-
male genomes lack a Y chromosome, these loci naturally show an absence of signal in
female samples. Importantly, technical mapping variability in some male samples also
resulted in a loss or near absence of signal at Y-linked regions, causing these males to
resemble the female accessibility profile. This introduced an artificial clustering struc-
ture in which a subset of male samples grouped with female samples based on this
technical feature rather than true biological variation . The subsequent collapse of the
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clustered structure following removal of Y-chromosome peaks therefore highlights an
important methodological consideration for epigenomic analyses: unbiased clustering
algorithms must be paired with careful genomic annotation and filtering to ensure that
sex-chromosome mapping artifacts are not misinterpreted as biologically meaningful
structure

Limitations of PSIONIC
The low predictive performance of PSIONIC observed in this study, reflected by a

global Spearman correlation of 0.14 , is most likely attributed to the heterogeneity of
the data. PSIONIC works by combining two sources of information: chromatin acces-
sibility data from ATAC-seq and gene expression data from RNA-seq. For the model
to infer meaningful TF activity, both of these data types need to show enough variation
across samples so that the model can identify consistent patterns linking TF binding
to changes in gene expression. When this variation is too small, the model has very
little signal to work with, and its ability to make accurate predictions is fundamentally
limited. In this cohort, the RNA-seq data is the most likely source of this problem. The
samples used in this study were derived from iPSCs under tightly controlled differenti-
ation conditions, meaning that the transcriptional profiles across samples were highly
similar to one another. When samples are this similar, the differences in gene expres-
sion that PSIONIC relies on to learn TF-target relationships become very small, reduc-
ing the range of values the model can use during inference. This low-between sam-
ple transcriptional heterogeneity is a well-recognised challenge for regression-based
computational frameworks that depend on observing meaningful differences between
samples rather than absolute expression levels Osmanbeyoglu et al. (2019b).

4.5 Regulatory Rewiring at the EIF5 Locus

By integrating RNA-seq with ATAC-seq data, our differential correlation analysis iden-
tified a significant inversion of regulatory logic at the EIF5 locus. In healthy controls,
EIF5 expression exhibited a negative correlation (r = −0.36) with a proximal chro-
matin peak. In ALS, this relationship inverted to a positive correlation (r = 0.15,
p = 1.8 × 10−6), suggesting that epigenetic repression at this locus had been dis-
mantled.

EIF5 is a GTPase-activating protein for the eIF2·GTP·Met-tRNAMet
i ternary complex

and plays a central role in start-codon selection. Notably, a recent study showed that
eIF5 stimulates CUG-initiated poly-GA repeat-associated non-AUG (RAN) translation
in cellular and Drosophila models of C9orf72 FTLD/ALS (Gotoh et al., 2024). On that
basis, altered EIF5 expression may represent a candidate modifier of pathological RAN
translation, although this mechanism has not yet been directly validated in ALS motor
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neurons.

4.6 Convergent Glial Modifiers and Topological Intractabil-

ity

StringDB analysis of the differentially rewired TFs identified a cluster of 77 experim-
netal disease modifiers , 35 in microglia and 42 in oligodendrocytes, linked to neu-
rodegenerative diseases, based on data from the eVGeMdb database.(Singh et al.,
2026)

Notably, 13 factors including FOS, FOSL1, FOSL2, BACH2, YY1, SERPINE1,
NR2F2, NFATC2, and NR3C1 were found in both cell types, indicating that some tran-
scriptional changes in ALS overlap with networks involved in other neurodegenera-
tive diseases. This supports previous findings that glial responses tend to be similar
across these conditions, as seen in Disease-Associated Microglia (DAM) and Disease-
Associated Oligodendrocytes Raffaele et al. (2021) Jauregui et al. (2023).

Conversely, no repurposed compound met the predictive significance threshold
(Z ≤ −1.5) within the astrocyte and excitatory neuron networks. This is likely a con-
sequence of the comparatively sparse connectivity of these networks relative to the
glial network a less densely rewired topology provides fewer high-confidence protein
interaction edges for the drug-target scoring algorithm to act on, reducing the power to
detect significant perturbational drug targets. This does not necessarily imply that neu-
ronal and astrocytic pathways are therapeutically irrelevant in ALS, but rather that the
current network structure does not provide sufficient resolution to nominate candidates
within these compartments.

4.7 Network-Guided Drug Repurposing

Microglia

In ALS, microglia shift from an early neuroprotective state to a chronically activated
neurotoxic phenotype that actively contributes to motor neuron death through sus-
tained pro-inflammatory cytokine release and oxidative stress (Liao et al., 2012). De-
spite being a well-validated pathological mechanism, microglial neuroinflammation has
remained a difficult therapeutic target in ALS, underscoring the need for network-
informed candidate identification.Drug repurposing analysis of the microglial mod-
ule nominated 23 compounds meeting the significance threshold (Z 1.5). Notably,
many of these drugs target GABA-A receptor subunits, especially GABRA3, GABRA4,
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GABRB2, and GABRG3. This finding is significant because microglial cells have func-
tional GABA-A receptors, and activating these receptors has been shown to reduce
inflammation in microglia across various studies(Liu et al., 2016) (Bhandage and Bar-
ragan, 2021). The convergence of various drug classes such as anesthetics, benzodi-
azepines, barbiturates, and neurosteroids through our approach on this specific target
family supports a coherent mechanism and indicates that modulating GABA receptors
to influence microglial inflammation is a computationally valid strategy in ALS.

The top-ranked compound, topiramate (Z = 2.082), targets the broadest node set
including GRIK2, GRIK4, GRIA2-4, SCN8A/9A, and INSR, and has been shown to
suppress LPS-induced IL-1, IL-6, and TNF- release from primary microglial cultures
(Andrzejczak et al., 2016). While a placebo-controlled RCT in 296 ALS patients re-
ported worsening limb strength and excess adverse events at high doses Cudkowicz
et al. (2003), Nevertheless, the independent nomination of topiramate through network
proximity analysis, consistent with its validated microglial activity, supports the biologi-
cal relevance of the computational framework, even where clinical translation remains
challenging.

Etomidate (Z = 2.045) and the volatile anaesthetics — isoflurane (Z = 1.788),
methoxyflurane (Z = 1.723), halothane (Z = 1.717), and desflurane (Z = 1.538) —
are positive modulators of GABA receptors and, at clinically relevant concentrations,
engage overlapping GABA subunit sets (etomidate being notably selective for 2/3-
containing receptors), although exact binding sites and subunit preferences differ be-
tween intravenous and inhaled agents. Their relevance to microglial biology is sup-
ported by experimental work: isoflurane preconditioning or brief isoflurane exposure
attenuates microglial activation and reduces LPS+IFN--induced microglial injury, nitric
oxide and glutamate release in murine models/cell systems(Xu et al., 2008). Mecha-
nistically, volatile anaesthetic conditioning has been linked to suppression of TLR4→NF-
B signaling and—through antioxidant/Nrf2-linked pathways—to promotion of anti-inflammatory/M2-
like phenotypes in several injury paradigms, though the precise cascade appears
context-dependent(Zhang and Yin, 2023). Crucially, general anaesthetics can show
both anti- and pro-inflammatory microglial effects depending on dose, duration, age
and injury context; therefore the nomination of this class is mechanistically plausi-
ble but would require careful dose/exposure calibration and validation in ALS-relevant
models(Yang et al., 2024)

The benzodiazepine class — comprising midazolam (Z = 1.659), lorazepam (Z =
1.609), flunitrazepam (Z = 1.592), clobazam (Z = 1.588), clonazepam (Z = 1.562),
clotiazepam (Z = 1.513), quazepam (Z = 1.504) largely converge on the central ben-
zodiazepine binding site on GABA receptors (an extracellular pocket at the α/γ sub-
unit interface), although individual agents can show differing subunit selectivity and
pharmacology. The collective anti-inflammatory activity of several benzodiazepines
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on microglia is supported by direct in vitro evidence: in primary rat microglial cul-
tures clonazepam, midazolam and diazepam markedly decreased LPS-induced ni-
tric oxide release, reduced TNF- secretion, and inhibited microglial proliferation(Wilms
et al., 2003)Midazolam also suppresses IL-1-induced IL-6 release from glial cells by
inhibiting STAT3 phosphorylation(Tanabe et al., 2011). Because many nominated
compounds share nearly identical receptor pharmacology, they often represent a sin-
gle functional opportunity (a common GABA/benzodiazepine-site or TSPO-mediated
mechanism) rather than multiple independent pharmacological leads

The most pharmacologically distinct signals come from outside the GABAergic
cluster. Venlafaxine (Z = 1.680) and nortriptyline (Z = 1.643) target glutamatergic
nodes GRIK4 and GRIA3/GRIK2 respectively, and both carry well-documented mi-
croglial anti-inflammatory activity. SNRIs including venlafaxine and TCAs prevented
microglial activation, with studies showing reduced microglial reactivity and decreased
immune and oxidative stress products in LPS-stimulated microglial models of neu-
roinflammation ScienceDirect (Mariani et al., 2022). More specifically, nortriptyline
directly inhibits IL-1 and TNF- release from LPS-activated rat mixed glial and mi-
croglial cell cultures at concentrations achievable in plasma and brain structures dur-
ing treatment (Dubovický et al., 2014). Pregabalin (Z = 1.583), targeting calcium
channel subunits CACNA2D1, CACNA1B, and CACNB3, provides a mechanistically
distinct anti-inflammatory route through suppression of microglial activation via the
HMGB1/TLR4/NF-B axis Zhang et al. (2022). Finally, iloperidone (Z = 1.566) targets
NRG3, implicating the neuregulin-ErbB signalling axis a pathway with direct relevance
to microglial activation and motor neuron survival in ALS models Liu et al. (2018).
These four compounds, operating through non-redundant mechanisms, represent the
highest-priority candidates for downstream experimental validation within the ALS mi-
croglial inflammatory network.

Oligodendrocytes

The mature oligodendrocyte module returned a drug signature dominated by DRD2(based
on drug target proximal to the disease module). The dopamine D2 receptor is ex-
pressed in a subset of mature interfascicular oligodendrocytes in the rat corpus cal-
losum (Howard et al., 1998), and oligodendrocytes at all maturation stages express
mRNA for D3 dopamine receptors (Bongarzone et al., 1998). Loss of D2 receptor sig-
nalling has direct consequences for myelin maintenance: D2 receptor knockout mice
display a baseline reduction in mature oligodendrocyte numbers in the corpus callo-
sum, and stress-induced myelin loss in wild-type animals is accompanied by a de-
crease in active -catenin and TCF4-expressing cells among oligodendrocyte lineage
cells a regulation entirely absent in D2R-null animals (Choi et al., 2017). The conver-
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gence of multiple top-ranked compounds including risperidone, sulpiride, bromperidol,
cabergoline, chlorpromazine, and ropinirole hydrochloride on DRD2 as a shared tar-
get therefore reflects a pharmacologically and mechanistically coherent signal arising
from the disrupted dopaminergic regulation of oligodendrocyte identity in the TDP-43
high ALS cortex.

Among the DRD2-targeting candidates, ropinirole hydrochloride carries the most
direct ALS-specific clinical validation. Originally identified as an ALS candidate through
iPSC-based motor neuron drug screening, it progressed to the ROPALS phase I/IIa
randomised controlled trial. In the open-label extension period, the ropinirole group
showed significant suppression of ALSFRS-R decline and an additional 27.9 weeks
of disease-progression-free survival, with iPSC-derived motor neurons from partici-
pants showing dopamine D2 receptor expression and a potential involvement of the
SREBP2-cholesterol pathway in the therapeutic effects (Morimoto et al., 2023).

Cabergoline similarly exerts neuroprotection through D2 receptor-mediated mech-
anisms: cabergoline prevented oxidative stress-induced death of cultured cortical neu-
rons via a D2 receptor-dependent mechanism, suppressing ERK1/2 activation and re-
ducing extracellular glutamate accumulation, an effect abolished in the presence of a
D2 receptor antagonist (Odaka et al., 2014). Given that oxidative stress and glutamate
excitotoxicity are cardinal features of ALS pathology, the identification of these com-
pounds within the mature oligodendrocyte module points to a convergent vulnerability
of dopaminergic signalling in this cell population.

Risperidone and ziprasidone, while lacking direct ALS oligodendrocyte studies,
have been independently nominated through structure-based computational approaches
as the top ALS candidate compounds capable of inhibiting several ALS-associated
proteins including casein kinase 1 (CK1), protein tyrosine kinase 2 (PTK2/FAK), and
ephrin type-A receptor 4 (EPHA4).(Dogra et al., 2025). Risperidone’s additional tar-
gets — GRM3, GRID2, and TJP1 — implicate broader dysregulation of glutamate
signalling and tight junction integrity within the oligodendrocyte compartment, while
ziprasidone’s top target CDH4 points to impaired axo-glial communication, consistent
with the axonal pathology observed in ALS.

Progesterone presents the most direct myelin-relevant mechanistic evidence among
all candidates in this module. In preclinical spinal cord injury models, progesterone
increased oligodendrocyte precursor cell numbers, upregulated myelin basic protein
expression, and enhanced expression of Olig2 and Nkx2.2 — transcription factors
central to oligodendrocyte specification and differentiation (Labombarda et al., 2009).
Prolonged progesterone treatment further enhanced Olig1 expression, a transcrip-
tion factor specifically required for myelin lesion repair, while simultaneously restoring
molecular markers of motoneuron function (Labombarda et al., 2011). Its broad tar-
get profile — engaging NRG1, MAPK1, NFE2L2 further positions progesterone as the
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most biologically coherent therapeutic candidate for restoring mature oligodendrocyte
function in the TDP-43 high ALS cortex

4.8 Conclusion

The findings presented in this thesis provide important biological insights while also re-
vealing significant weaknesses in the methods used in computational neurogenomics.
Our research shows that unsupervised global network analyses are especially sen-
sitive to major biological factors, with sexual dimorphism being a key example; if not
properly accounted for, these factors can completely mask disease-specific signals.
By carefully stratifying cohorts and correcting for artifacts, we successfully identified
a male-associated diagnostic gene signature that is primarily influenced by upstream
non-coding RNAs and epigenetic regulators at the 14q32 locus, rather than by down-
stream inflammatory factors.

Additionally, our integration of multi-omic data revealed a critical regulatory inver-
sion at the EIF5 locus. Furthermore, using cell-type-specific network proximity al-
gorithms, we highlighted the different vulnerabilities found in glial cells and neurons
during the later stages of ALS. This underscores the importance of targeting microglial
and oligodendrocyte networks for potential therapeutic interventions involving repur-
posed immunomodulatory and remyelinating treatments.

Together, these results suggest that ALS should not be viewed as a disease de-
fined by a single molecular issue, but rather as one marked by overlapping regulatory
problems across transcriptional, epigenomic, and network levels. This dysfunction is
specific to certain cell types, varies by sex, and changes depending on the disease
stage. Our work highlights that rigorous analysis is a vital biological tool: the most
relevant disease signals are often hidden not because they are absent, but due to
limitations in the frameworks we use to detect them. Moving forward, developing ALS
therapeutics will require computational approaches that reflect the complexity of the
disease itself.
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