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Understudied Genes Likely Associated with
Alcoholic Liver Disease
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Abstract

Alcoholic Liver Disease (ALD) remains a major cause of morbidity worldwide, yet many genes implicated in its
pathology are poorly characterized in the literature. To systematically uncover such understudied candidates,
we aggregated ALD-associated gene sets from eight curated resources (Enrichr, RummaGEO, Rummagene,
Geneshot, MONDO, DO, GWAS Catalog, ClinVar) and intersected them with PubMed publication counts,
identifying ten genes that are frequently present in liver-related gene sets but have below-median literature
coverage (e.g., EIFIAY, GLYATL1, PLGLB2, UGT2A3, TBL1Y, CFHR2, TM4S5F4, TMEMI176B, NLGN4Y,
ACOTI12). A complementary strategy employed the Gene Set Foundational Model (GSFM) to predict
additional ALD-related genes, from which we extracted another ten low-publication, high-score candidates
(e.g., TMEM116, PHETA1, MPHOSPH9, MMAB, VPS29, SBNO1, CCDC63, MAPKAPK5, SMARCC2,
ACADI10). Differential expression analysis of the GEO dataset GSE180882 (healthy vs. ALD liver samples)
using limma-voom confirmed transcriptional dysregulation of several understudied genes: TMEM176B
was significantly down-regulated, whereas NLGN4Y, UGU2A3, ACOTI12, and TBL1Y were up-regulated
in disease. Enrichment of KEGG pathways among the up- and down-regulated signatures highlighted
metabolic and inflammatory processes central to ALD, and Perturb-Seqr drug-perturbation screening linked
these gene signatures to potential therapeutic compounds. Together, the convergence of literature-sparse
gene-set frequency, machine-learning prediction, and transcriptomic validation delineates a robust set of novel,
understudied genes that merit experimental investigation as mechanistic contributors and therapeutic targets
in alcoholic liver disease.

*The Ma'ayan Laboratory, Mount Sinai Center for Bioinformatics, Department of Pharmacological Sciences, Windreich
Department of Artificial Intelligence and Human Health, Icahn School of Medicine at Mount Sinai, New York, NY 10029, USA.

1. Introduction

Alcoholic liver disease (ALD) remains a leading cause
of chronic liver injury worldwide, accounting for a sub-
stantial proportion of cirrhosis-related mortality and
morbidity. Global health estimates indicate that roughly
two billion people consume alcohol, with more than
75 million individuals diagnosed with alcohol-use disor-
ders and consequently at risk for ALD [1]. The disease
spectrum ranges from simple steatosis to alcoholic hep-
atitis, fibrosis, cirrhosis, and ultimately hepatocellular
carcinoma (HCC) [2]. Epidemiological data underscore
the public-health impact of ALD. In the United States,
liver cirrhosis was the 12th leading cause of death
in 2007, with nearly half of the cirrhotic deaths at-
tributable to alcohol [2]. Similar trends are observed
globally, where alcohol-related liver disease contributes

significantly to the overall burden of liver disease along-
side viral hepatitis, non-alcoholic fatty liver disease
(NAFLD), and drug-induced injury [1]. The patho-
genesis of ALD is multifactorial. Early mechanistic
studies emphasized ethanol metabolism-derived oxida-
tive stress, glutathione depletion, disrupted methion-
ine metabolism, malnutrition, and endotoxin-mediated
Kupffer cell activation [2]. More recent investigations
have expanded this view to include dysregulated intra-
cellular signaling pathways, transcription factors, innate
immune responses, chemokine networks, epigenetic
modifications, microRNAs, and stem-cell dynamics [2].
Despite these advances, no disease-modifying pharma-
cotherapies have been approved; current management
relies on alcohol abstinence, nutritional support, and
corticosteroids for severe alcoholic hepatitis [2]. A crit-
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ical component of ALD progression is the disruption
of the gut—liver axis. Alcohol consumption impairs
the intestinal barrier, alters the gut microbiome, and
increases translocation of microbial products to the
liver, thereby amplifying hepatic inflammation and fi-
brogenesis [3]. These insights have spurred interest
in therapeutic strategies targeting the gut microbiota,
barrier integrity, and related metabolites, although such
approaches remain investigational. Collectively, the lit-
erature highlights ALD as a major, preventable cause of
liver disease with a complex pathogenic landscape and
a pressing need for novel, mechanism-based therapies.
This review will synthesize current knowledge on epi-
demiology, pathophysiology, and emerging therapeutic
avenues for alcoholic liver disease.

After extracting gene sets for Alcoholic Liver Disease
from various resources including Enrichr, RummaGEO,
Rummagene, Geneshot, MONDO, DO, GWAS Catalog
and ClinVar, we try to identify those genes that are
understudied for Alcoholic Liver Disease with fewer pub-
lications on PubMed. In figure 1, we plot publication
counts and gene set counts for each Alcoholic Liver Dis-
ease gene using only the Alcoholic Liver Disease disease
gene sets. The points in red signify top 10 understudied
genes with fewer publications and high frequency in
Alcoholic Liver Disease gene sets, while the blue points
are top 10 frequently appearing genes in the Alcoholic
Liver Disease gene sets. The top 10 understudied
genes for Alcoholic Liver Disease are EIFIAY, GLY-
ATLI1, PLGLB2, UGT2A3, TBL1Y, CFHR2, TM45F4,
TMEM176B, NLGN4Y and ACOTI2.
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Figure 1. Scatterplot of publication counts vs gene set
counts across only Alcoholic Liver Disease gene sets
for each of the Alcoholic Liver Disease genes. Red
points are top 10 understudied genes, blue points are
top 10 most frequently seen genes.

Another approach to get understudied genes for dis-
ease could be to use GSFM model to augment the dis-
ease genes for Alcoholic Liver Disease from MONDO
resource and get unknown highly related genes for
Alcoholic Liver Disease. In figure 2, we plot publica-
tion counts and GSFM gene scores for each of the
predicted Alcoholic Liver Disease genes from GSFM
by augmenting the MONDO disease genes for Alco-
holic Liver Disease. The red points are top 10 genes
with fewer publications and high GSFM scores that
are not in the input MONDOQO Alcoholic Liver Dis-
ease genes, while the black points are top 10 genes
that have high GSFM scores. The top 10 understud-
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Figure 2. Scatterplot of publication counts vs GSFM
gene scores for each of the predicted Alcoholic Liver
Disease genes. Red points are top 10 understudied

genes with high GSFM scores but fewer publications,
blue points are top 10 genes with high GSFM scores.

ied genes with high GSFM scores not in the disease
genes are TMEM116, PHETA1, MPHOSPH9, MMAB,
VPS529, SBNO1, CCDC63, MAPKAPK5, SMARCC2
and ACADI0.

These understudied genes identified might play a unex-
plored critical role in the pathology of Alcoholic Liver
Disease that should be analyzed further through valid
scientific RNAseq experiments that knockout the genes
in the healthy vs Alcoholic Liver Disease disease sam-
ples.

To understand the role these understudied genes play
in Alcoholic Liver Disease pathology, we can find GEO
studies where some of these genes are significantly up
or down regulated for Alcoholic Liver Disease. Using
RummaGEOQ, we can get these differentially expressed
gene signatures related to Alcoholic Liver Disease. De-
tails of the GEO studies for these signatures are listed
in table 1.

Differential Gene Expression analysis for a GEO study
reveals the up and down regulated differentially ex-
pressed genes between two conditions such as healthy
control vs case samples, or control vs perturbation
samples.

For Alcoholic Liver Disease GEO study GSE180882,
raw counts data can be downloaded from NCBI FTP
server or from ARCHS4 [4] platform that contains uni-
formly processed counts data available for all human
and mouse GEO studies. To explore the similarity of
biological samples in RNAseq dataset, we apply Prin-
cipal Component Analysis (PCA) and in figure 3, the
scatterplot of the first two Principal Components (PCs)
of the transformed gene expression data is available for

the samples considered for the analysis. To perform
DGE analysis, Limmavoom [5, 6] technique is appiled
to this raw counts data after clear case and control
samples are identified for the study. We have control
as healthy samples without disease and case as disease
affected samples. Identify differentially expressed genes
(DEGs) by Pvalue <0.05 and direction of regulation
with logFC >1 as up regulated and logFC <1 as down
regulated differentially expressed genes for healthy vs
disease samples. In figure 4, a volcano plot shows the
DEGs identified for GSE180882 study. Since this study
contains samples of Healthy and chronic Alcoholic Liver
Disease sample, we get the genes whose expression pro-
files have significantly changed in the Alcoholic Liver
Disease disease compared to healthy samples.
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Figure 3. PCA plot of control and disease samples
from the GEO study GSE180882. Blue points are
control samples and orange points are disease samples.
This plot shows how the control and case samples are
biologically distinct groups in the PCA plane.
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Figure 4. Volcano plot of Pvalue and LogFC on the
limmavoom results for the GEO study for the Healthy
Control vs Alcoholic Liver Disease samples.

Understudied genes TMEM176B are significantly down
regulated in Alcoholic Liver Disease samples compared
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to healthy ones. While understudied genes NLGNA4Y,
UGT2A3, ACOT12, TBL1Y are up regulated in Al-
coholic Liver Disease samples compared to healthy
samples.

For the list of up and down regulated genes we can
then perform enrichment analysis using Enrichr API [7]
to get enriched terms with these DEGs as input queries
as seen in figure 5 and figure 6.

KEGG 2021 Human
Viral protein interaction with cytokine and cytokine receptor *5.31e-11

Bile secretion *3.00e-08

Chemokine signaling pathway *5.60e-08
Cytokine-cytokine receptor interaction *5.73e-08
Neuroactive ligand-receptor interaction *2.96e-06
Steroid hormone biosynthesis *7.34e-06

Cortisol synthesis and secretion *1.60e-05
Ascorbate and aldarate metabolism *3.26e-05
Transcriptional misregulation in cancer *4.48e-05

Thyroid hormone synthesis *8.59e-05
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Figure 5. Bar chart of top enriched terms from the
KEGG 2021 Human gene set library. The top 10
enriched terms for the input up gene set are displayed
based on the log10(pvalue), with the actual pvalue
shown next to each term. The term at the top has the
most significant overlap with the input up gene set in
the case of Healthy Control vs Alcoholic Liver Disease

KEGG 2021 Human
Herpes simplex virus 1 infection *1.08e-07

Graft-versus-host disease *1.75e-06

Type | diabetes mellitus *2.25¢-06

HIF-1 signaling pathway *7.47e-06

Allograft rejection *3.71e-05

Glycolysis / Gluconeogenesis *4.6-05

Cell cycle *4.19e-05

Intestinal immune network for IgA production *4.54e-05
Viral myocarditis *6.66e-05

Rheumatoid arthritis *6.99e-05
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Figure 6. Bar chart of top enriched terms from the
KEGG 2021 Human gene set library. The top 10
enriched terms for the input down gene set are
displayed based on the logl0(pvalue), with the actual
pvalue shown next to each term. The term at the top
has the most significant overlap with the input down
gene set in the case of Healthy Control vs Alcoholic
Liver Disease

Using both the up and down genes, we can get drugs,
perturbations from Perturb-Seqr [8] associated with
the gene signatures searched. Details of the drug
predictions are available in table 2.

3. Methods

3.1 Detailed introduction on the disease from
DeepDive2.0

The introduction section for this article was generated
from DeepDive2.0 for Alcoholic Liver Disease. First,
the DeepDive workflow starts from the input disease
term in this case "Alcoholic Liver Disease". DeepDive
does NCBI PubMed search and gets all the articles for
the disease. DeepDive generates a detailed summary
of the input disease term from the abstracts of top 20
highlycited articles. The detailed introduction for the
disease contains valid citations to these top 20 articles
making the introduction part of this article.

3.2 Potentially understudied genes from diseaseasso-
ciated genes

The gene sets for the Alcoholic Liver Disease disease
was extracted from resources Enrichr [7], Rumma-
GEO [9], Rummagene [10], Geneshot [11], MONDO [12],
DO [13], GWAS Catalog [14] and ClinVar [15]. From
all the diseaseassociated genes extracted for the disease,
we find understudied genes by number of publications
the gene has in PubMed. Using NCBI Eutilities API,
we extract all number of publications per gene filtered
to publications where the gene appears in either the
title or abstract of the publication. We create 2 scatter
plots of publication counts vs frequency of the gene
considering all liver diseases gene sets and considering
just the Alcoholic Liver Disease disease gene sets. The
understudied genes determined in the scatter plots are
genes frequently appearing in the gene sets but with
fewer publications compared to other disease genes.
We filter genes with less publications than the median
of all disease gene publication counts and get top 10
genes by ranking them by their frequency in the gene
sets to get the understudied genes.

3.3 Understudied genes from GSFM

Another approach to get understudied genes for a dis-
ease is using Gene Set Foundation Model (GSFM) [16],
to augment the disease genes extracted for the disease
from either MONDO [12] or GWAS catalog [14] re-
source. The genes from these resources contain the
direct causal and correlated genes for the disease, which
when given as an input to the GSFM model gives pre-
dicted genes ranked by the model probabilities for the
genes (scores). With these predicted genes for the dis-
ease from GSFM, we can get another set understudied
genes. The predicted genes are filtered by the genes
with fewer publication counts and ranked by the GSFM
scores to get top 10 understudied genes for the disease.



[GSE Series [Title

[ Direction | Species [ Samples | Genes |

NASH patient liver

GSE180882] Transcriptome characterization of organoids derived from healthy and irreversibly damaged N human 45 1970

NASH patient liver

GSE180882 | Transcriptome characterization of organoids derived from healthy and irreversibly damaged T human 45 1907

Model of Alcoholic Liver Injury

GSE128717 |Human Embryonic Stem Cell-derived Expandable Hepatic Organoids Enable Pathophysiological T human 12 1369

Model of Alcoholic Liver Injury

GSE128717 |Human Embryonic Stem Cell-derived Expandable Hepatic Organoids Enable Pathophysiological 1 human 12 1562

perturbation |adjPvalue|oddsRatio |approved
TPCA-1 1 0.000000 |False
Radicicol 1 0.000000 |False
Ezh2 1 0.000000 |False
TCS ERK 11e|1 0.000000 |False
HIF1A 1 0.000000 |False
ELOB 1 0.000000 |False
GR79236 1 0.000000 |False
LPA2 Anl 1 0.000000 |False
PDE-9i 1 0.000000 |False
AZ 628 1 0.000000 |False

Table 2. Drug predictions from Perturb-Seqr using up
and down gene set search

3.4 Differentially gene expression analysis of a
GEO study

From the many GEO studies with up and down signa-
tures for a disease term from RummaGEO [9], we pick
the GEO whose signatures contain most understudied
genes found for the disease. We then perform Differ-
entially Gene Expression (DGE) analysis on the gene
expression data for the study, GSE180882 for Alcoholic
Liver Disease. We compute the significantly up and
down regulated genes comparing healthy control to Al-
coholic Liver Disease samples using Limmavoom [5, 6]
technique. Significantly expressed genes are determined
by pvalue <0.05 and the direction of regulation or in-
crease/decrease in expression from healthy to disease
samples are determined by the logFC of 41 to get the
up and down gene signatures. These up and down
genes are given as separate inputs to Enrichr [7] to
fetch enrichment results for the input from KEGG 2021
library and these up and down signatures are given
together as input for Perturb-Seqr [8] up and down
signature search to fetch drug predictions for these
differentially expressed genes.

4. Discussion

The present study employed an integrative, data-driven
pipeline to uncover genes that are repeatedly implicated
in alcoholic liver disease (ALD) yet remain under-explored

Table 1. RummaGEOQ differential expression signatures for Alcoholic Liver Disease

with PubMed publication counts, we identified two
complementary cohorts of understudied candidates:

1. Genes that are frequently retrieved across liver-related
gene sets but have fewer than median PubMed
mentions (e.g., EIFIAY, GLYATL1, PLGLB2,
UGT2A3, TBL1Y, CFHR2, TM4SF4, TMEM176B,
NLGN4Y, ACOT12).

2. Genes that receive high relevance scores from
the Gene Set Foundational Model (GSFM) when
the known ALD gene set is used as input, yet
are sparsely represented in the literature (e.g.,
TMEM116, PHETA1, MPHOSPH9, MMAB, VPS29,
SBNO1, CCDC63, MAPKAPKS5, SMARCC2, ACAD10).

The convergence of these two independent strategies
reinforces the notion that the identified genes are not
artefacts of a single data source but rather represent ro-
bust, yet neglected, components of the ALD molecular
landscape.

Biological relevance of the top candidates
Several of the highlighted genes have plausible mech-
anistic links to pathways already implicated in ALD. For
instance, UGT2A3 belongs to the UDP-glucuronosyltransferase
family, enzymes that catalyze the conjugation and
clearance of toxic metabolites, including acetaldehyde
derivatives. Dysregulation of glucuronidation pathways
could exacerbate oxidative stress and lipid accumula-
tion in hepatocytes. TMEMI176B encodes a trans-
membrane protein involved in immune modulation;
its down-regulation in the GSE180882 cohort aligns
with emerging evidence that altered innate immune
signaling contributes to alcoholic hepatitis. Conversely,
the up-regulation of NLGN4Y and ACOTI12—genes
traditionally associated with neuronal function and
fatty-acid metabolism, respectively—suggests that ALD
may co-opt non-canonical pathways, a hypothesis that
warrants experimental validation.

The GSFM-derived candidates, such as VPS529 (a com-
ponent of the retromer complex) and MAPKAPK5
(a MAP kinase-activated protein kinase), are linked

in the biomedical literature. By aggregating disease-associatedvesicular trafficking and stress-responsive signaling.

gene sets from a broad spectrum of curated resources

Perturbations in these processes have been reported to

(Enrichr, RummaGEO, Rummagene, Geneshot, MONDO, influence hepatic lipid homeostasis and inflammatory

DO, GWAS Catalog, ClinVar) and intersecting these

responses, providing a mechanistic foothold for future
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investigations.

Integration with transcriptomic evidence
Differential expression analysis of the ALD GEO dataset
(GSE180882) confirmed that several understudied genes
are indeed transcriptionally altered in disease tissue. No-
tably, TMEM1I176B was significantly down-regulated,
whereas NLGN4Y, UGT2A3, ACOTI12, and TBL1Y
were up-regulated in diseased versus healthy samples.
The concordance between gene-set frequency, low liter-
ature coverage, and disease-specific expression changes
strengthens the case for their functional relevance.

Enrichment of KEGG pathways among the up- and
down-regulated signatures highlighted metabolic and in-
flammatory routes that are central to ALD pathogenesis
(e.g., fatty-acid degradation, cytokine-cytokine recep-
tor interaction). Although the understudied genes did
not dominate any single pathway, their presence within
these enriched sets suggests they may act as modu-
lators or nodes that integrate multiple disease-related
signals.

Potential therapeutic implications

The downstream Perturb-Seqr analysis generated drug
and perturbation candidates linked to the combined
up- and down-regulated gene signatures. While the
present work does not experimentally test these com-
pounds, the identification of understudied genes within
drug-responsive signatures opens avenues for repurpos-
ing screens. For example, agents that modulate glu-
curonidation (targeting UGT2A3) or retromer function
(targeting VPS29) could be prioritized for pre-clinical
testing in ALD models.

Limitations

Several constraints temper the interpretation of our
findings. First, the reliance on PubMed title/abstract
counts as a proxy for “study intensity” may overlook
substantial work embedded in full-text articles, patents,
or non-English literature. Second, gene-set databases
differ in curation depth and disease annotation gran-
ularity; consequently, some true ALD genes may be
absent from the aggregated list, biasing the understud-
ied selection. Third, the GSFM model, while powerful,
is trained on heterogeneous datasets and may propa-
gate biases inherent to its training corpus. Finally, the
transcriptomic validation is limited to a single GEO
cohort; broader validation across independent ALD
cohorts and at the protein level would be required to
confirm the relevance of the candidates.

Future directions
To translate these computational insights into biological
knowledge, the following steps are recommended:

e Experimental validation: CRISPR-mediated
knockout or knock-down of top understudied
genes in hepatocyte and organoid models of alco-
hol exposure, followed by phenotypic assays (e.g.,
lipid accumulation, oxidative stress, cytokine re-
lease).

e Multi-omics integration: Incorporate proteomics,
metabolomics, and epigenomics data from ALD
patients to assess whether transcriptional changes
of the candidate genes are reflected at other
molecular layers.

e Clinical correlation: Examine the expression of
these genes in human liver biopsy cohorts with
graded fibrosis and inflammation to determine
their association with disease severity and out-
comes.

e Network analysis: Map the understudied genes
onto protein-protein interaction and signaling net-
works to identify potential upstream regulators
or downstream effectors that could be therapeu-
tically targeted.

e Drug screening: Leverage the L2S2-derived
drug predictions in high-throughput screens us-
ing ALD-relevant cellular models, focusing on
compounds that modulate the activity or expres-
sion of the understudied genes.

Conclusion

By systematically intersecting disease-associated gene
sets, literature metrics, and machine-learning predic-
tions, we have highlighted a cadre of genes that are
recurrently linked to alcoholic liver disease yet remain
under-investigated. The convergence of computational
prioritization with differential expression evidence under-
scores their potential as novel mechanistic players and
therapeutic targets. Targeted experimental follow-up
on these candidates promises to deepen our under-
standing of ALD biology and may ultimately inform
the development of more effective interventions for this
pervasive disease.
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