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Under-studied Genes Likely Associated with Hepatitis E
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Abstract

Hepatitisk virus (HEV) remains an under-appreciated cause of acute and chronic liver disease, yet many
host factors implicated in its pathogenesis have not been systematically explored. To address this gap,
we aggregated HEV-associated gene sets from eight public resources (Enrichr, RummaGEO, Rummagene,
Geneshot, MONDO, DO, GWAS Catalog, ClinVar) and filtered them by PubMed publication counts to pinpoint
genes that are frequently present in disease-related gene sets but sparsely described in the literature. This
bibliometric analysis yielded a “frequency-driven” panel of ten understudied candidates (PTPRU, TMBIM1,
ADGRA3, SULT1C2, SLC6A15, ZNF518B, PLEKHB1, TMEM209, SEMAA4F, IBTK). In parallel, we employed the Gene
Set Foundational Model (GSFM) to augment the MONDO HEV gene list, ranking predicted genes by model
scores and again selecting those with low publication counts; the top GSFM-driven understudied genes
were LRRC4C, SYT9, GALNT17, KCNT2, RALYL, STXBP6, SORBS2, GALNT18, CELF4, and SUSD4. To validate the
relevance of these candidates, we performed differential expression analysis of the HEV-infected RNA-seq
cohort GSE262469 (healthy vs chronic HEV) using limma-voom, identifying several of the prioritized genes as
significantly dysregulated (e.g., down-regulated PTPRU, SLC6A15, ZNF518B, PLEKHB1, SEMA4F, SYT9, GALNT1S,
CELF4, SUSD4; up-regulated STXBP6, TMBIM1, ADGRA3, SULT1C2, TMEM209, IBTK). Enrichment of the up- and
down-regulated signatures against KEGG 2021 highlighted pathways of metabolic reprogramming, autophagy,
and innate immune signaling, while L2S2 drug-perturbation screening suggested repurposing candidates such
as bortezomib. Together, this integrative pipeline uncovers a set of reproducibly associated yet understudied
host genes that merit functional interrogation to elucidate novel mechanisms of HEV pathogenesis and to
expand the therapeutic landscape for hepatitisE.

*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.

extensive genetic diversity within these genotypes, sup-
porting the notion of multiple animal reservoirs and
cross-species transmission [4].

1. Introduction

Hepatitisk virus (HEV) is now recognised as the lead-
ing cause of acute viral hepatitis worldwide, account-
ing for a substantial proportion of morbidity and mor-

tality, especially in low- and middle-income countries
where water-borne epidemics occur [1, 2]. Recent es-
timates suggest that in 2005 more than 20million in-
fections occurred, resulting in approximately 70000
deaths and thousands of stillbirths, with case-fatality
rates markedly higher among pregnant women [1]. Al-
though genotypesl and2 are restricted to humans and
cause large water-borne outbreaks in developing re-
gions, genotypes3 and4 are zoonotic, circulating in
swine, wild boar, deer and other mammals and increas-
ingly responsible for sporadic cases in high-income
countries [2-4]. Phylogenetic analyses have identified

The epidemiological picture has shifted dramatically
over the past decade. Autochthonous HEV infection
is now considered endemic in many industrialised na-
tions, often linked to the consumption of undercooked
pork products or raw animal liver, and may be more
common than hepatitisA [3, 5, 6]. Direct evidence of
zoonotic transmission has been demonstrated for deer
meat [5] and traditional pig liver sausages [¢], while
HEV RNA has been detected in blood components, rais-
ing concerns about transfusion-transmitted infection
[7]. Improved molecular diagnostics, notably a broadly
reactive real-time RT-PCR assay, have facilitated the
detection of diverse HEV strains in clinical and environ-
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mental samples [s].

In immunocompetent hosts, HEV infection is usually

self-limiting, butinimmunosuppressed patients—particularly

solid-organ transplant recipients—HEV can evolve into
chronic hepatitis, leading to rapid progression to cir-
rhosis and liver failure [9-11]. Factors predisposing to
chronicity include the intensity of immunosuppression
and specific lymphocyte deficits [9, 10]. Management
strategies focus on reduction of immunosuppressive
therapy and antiviral treatment with ribavirin, while a
recombinant vaccine (HEV239) has demonstrated high
efficacy and safety in large phase-3 trials, although
it is currently licensed only in China [s, 12]. The clini-
cal spectrum of HEV also encompasses extra-hepatic
manifestations and can precipitate acute liver fail-
ure, a condition with high mortality that may require
emergency transplantation [12].

Collectively, these findings underscore the global bur-
den of HEV, its evolving epidemiology, the importance
of zoonotic reservoirs, the challenges of chronic infec-
tion in vulnerable populations, and the promise of im-
proved diagnostics and vaccination for disease control.

After extracting gene sets for Hepatitis E from various
resources including Enrichr, RummaGEO, Rummagene,
Geneshot, MONDO, DO, GWAS Catalog and ClinVar, we
try to identify those genes that are understudied for
Hepatitis E with fewer publications on PubMed. In fig-
ure 1, we plot publication counts and gene set counts
for each Hepatitis E gene using the counts across all
liver disease gene sets. The pointsin red are top 10 un-
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Figure 1. Scatterplot of publication counts vs gene set
counts across all liver gene sets for each of the
Hepatitis E genes. Red points are top 10 understudied
genes, blue points are top 10 most frequently seen
genes and magenta points are disease genes not
frequently appearing in liver gene sets overall but with
more publications than understudied genes.

derstudied genes with fewer publications, frequently
seen in the liver gene sets. Blue points are top 10 most
frequently appearing genes for the disease considering
all of the liver genes. However, magenta points high-
light those genes that have more publications with not
high occurrence in liver gene sets. In figure 2, we plot
publication counts and gene set counts for each Hepati-
tis E gene using only the Hepatitis E disease gene sets.
The points in red signify top 10 understudied genes
with fewer publications and high frequency in Hepatitis
E gene sets, while the blue points are top 10 frequently
appearing genes in the Hepatitis E gene sets. The top
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Figure 2. Scatterplot of publication counts vs gene set
counts across only Hepatitis E gene sets for each of the
Hepatitis E genes. Red points are top 10 understudied
genes, blue points are top 10 most frequently seen
genes.

10 understudied genes for Hepatitis E are - PTPRU, TM-
BIM1, ADGRA3, SULT1C2, SLC6A15, ZNF518B, PLEKHBI,
TMEM209, SEMA4F and IBTK.

Another approach to get understudied genes for dis-
ease could be to use GSFM model to augment the dis-
ease genes for Hepatitis E from MONDO resource and
get unknown highly related genes for Hepatitis E. In

Publications

Gene Scores
Figure 3. Scatterplot of publication counts vs GSFM
gene scores for each of the predicted Hepatitis E
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.

figure 3, we plot publication counts and GSFM gene
scores for each of the predicted Hepatitis E genes from
GSFM by augmenting the MONDO disease genes for
Hepatitis E. The red points are top 10 genes with fewer
publications and high GSFM scores that are not in the
input MONDO Hepeatitis E genes, while the black points
are top 10 genes that have high GSFM scores. The top

10 understudied genes with high GSFM scores not in
the disease genes are - LRRC4C, SYT9, GALNT17, KCNT2,
RALYL, STXBP6, SORBS2, GALNT18, CELF4 and SUSDA4.

These understudied genes identified might play a un-
explored critical role in the pathology of Hepatitis E
that should be analyzed further through valid scientific
RNA-seq experiments that knockout the genes in the
healthy vs Hepatitis E disease samples.

To understand the role these understudied genes play
in Hepatitis E pathology, we can find GEO studies where
some of these genes are significantly up or down reg-
ulated for Hepatitis E. Using RummaGEO, we can get
these differentially expressed gene signatures related
to Hepatitis E. Details of the GEO studies for these sig-
natures 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
controlvs case samples, or control vs perturbation sam-
ples.

For Hepatitis E GEO study GSE262469, raw counts
data can be downloaded from NCBI FTP server or
from ARCHS4 [13] platform that contains uniformly
processed counts data available for all human and
mouse GEO studies. To explore the similarity of bio-
logical samples in RNA-seq dataset, we apply Principal
Component Analysis (PCA) and in figure 4, the scat-
terplot of the first two Principal Components (PCs)
of the transformed gene expression data is available
for the samples considered for the analysis. To per-
form DGE analysis, Limma-voom [14, 15] 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 ex-
pressed genes (DEGs) by P-value <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 5, a volcano plot
shows the DEGs identified for GSE262469 study. Since
this study contains samples of Healthy and chronic
Hepatitis E sample, we get the genes whose expression
profiles have significantly changed in the Hepatitis E
disease compared to healthy samples.

Understudied genes PTPRU, SLC6A15, ZNF518B,
PLEKHB1, SEMA4F SYT9, GALNT18, CELF4, SUSD4
are significantly down regulated in Hepatitis E samples
compared to healthy ones. While understudied genes
STXBP6 TMBIM1, ADGRA3, SULT1C2, TMEM209, IBTK
are up regulated in Hepatitis E samples compared to
healthy samples.
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Figure 4. PCA plot of control and disease samples from
the GEO study GSE262469. 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 5. Volcano plot of P-value and LogFC on the
limma-voom results for the GEO study for the Healthy
Control vs Hepatitis E samples.

Forthe list of up and down regulated genes we can then
perform enrichment analysis using Enrichr API [16] to
get enriched terms with these DEGs as input queries
as seenin figure 6 and figure 7.

Using both the up and down genes, we can get drugs,
perturbations from L2S2 [17] associated with the gene
signatures searched. Details of the drug predictions
are available in table 2.

3.1 Detailed introduction on the disease from Deep-
Dive2.0

The introduction section for this article was generated

from DeepDive2.0 for Hepatitis E. First, the DeepDive

workflow starts from the input disease term in this case

KEGG 2021 Human
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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 -log10(p-value), with the
actual p-value 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
Hepatitis E
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Figure 7. 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(p-value), with the actual p-value
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 Hepatitis E

"Hepatitis E". 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 highly-cited 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 disease-
associated genes
The gene sets for the Hepatitis E disease was extracted
from resources - Enrichr[16], RummaGEQ[18], Rumma-
gene[19], Geneshot[20], MONDO[21], DO[22], GWAS Cata-
log[23] and ClinVar[24]. From all the disease-associated
genes extracted for the disease, we find understud-
ied genes by number of publications the gene has in
PubMed. Using NCBI E-utilities API, we extract all num-



[GSE Series [Title

[ Direction [ Species | Samples | Genes]|

GSE262469 | AMPK activation in response to hepatitis E virus infection inhibited viral replication by attenuating human 15 1637
autophagosome and promoting innate immunity
GSE262469 | AMPK activation in response to hepatitis E virus infection inhibited viral replication by attenuating 3 human 15 1546
autophagosome and promoting innate immunity

GSE88731 |Cellular response to hepatitis E virus (HEV) infection 1 human 8 1094

GSE88731 |Cellular response to hepatitis E virus (HEV) infection T human 8 1525

GSE135619 | Robust hepatitis E virus infection and transcriptional response in human hepatocytes T human 19 1166

Table 1. RummaGEO differential expression signatures for Hepatitis E

perturbation adjPvalue | oddsRatio |approvedd pifferentially gene expression analysis of a GEO

bortezomib 1 0.005278 |True study

tubastatin-a 1 0.274211 |False p g m the many GEO studies with up and down signa-

ARFGEF2 1 0.000000 |False . .
tures for a disease term from RummaGEO[1s], we pick

SA-1919667 1 0.000000 |False . . .

ABCC2 1 0.000000 |False the GEO whose signatures contain most understudied

cromoglicic-acid 1 0.000000 |True  BeMes found for the d!sease. We then Perform Differ-

naftifine 1 0.000000 |True entially Gene Expression (DGE) analysis on the gene

phenylacetylglutamine | 1 0.000000 |False expression data for the study, GSE262469 for Hepatitis

EGLN3 1 0.000000 |False E.Wecomputethesignificantly upand down regulated

BRD-K68423398 1 0.000000 |[False genes comparing healthy control to Hepatitis E sam-

Table 2. Drug predictions from L2S2 using up and
down gene set search

ber 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 Hepatitis E
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 pub-
lications than the median of all disease gene publica-
tion 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 Foundational Model (GSFM) [25],
to augment the disease genes extracted for the dis-
ease from either MONDO[21] or GWAS catalog[23] re-
source. The genes from these resources contain the di-
rect 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.

ples using Limma-voom([14, 15] technique. Significantly
expressed genes are determined by p-value <0.05 and
the direction of regulation or increase/decrease in ex-
pression from healthy to disease samples are deter-
mined by the logFC of +1 to get the up and down gene
signatures. These up and down genes are given as
separate inputs to Enrichr[is] to fetch enrichment re-
sults for the input from KEGG 2021 library and these
up and down signatures are given together as input for
L2S2[17] up and down signature search to fetch drug
predictions for these differentially expressed genes.

4, Discussion

The present study leveraged a multi-source integrative
pipeline to uncover genes that are repeatedly impli-
cated in hepatitisk (HEV)-related gene sets yet remain
under-explored in the biomedical literature. By inter-
secting disease-associated gene collections from eight
public repositories (Enrichr, RummaGEOQ, Rummagene,
Geneshot, MONDO, DO, GWAS Catalog, and ClinVar)
with PubMed publication counts, we identified two
complementary panels of understudied candidates:

1. Frequency-driven understudied genes - ten
genes (e.g., PTPRU, TMBIM1,ADGRA3) that appear
frequently across liver-related gene sets for HEV
but have fewer than median publications.

2. GSFM-driven understudied genes - ten genes
(e.g., LRRC4C, SYT9, GALNT17) that receive high
predictive scores from the Gene Set Founda-
tional Model while also being sparsely repre-
sented in the literature.

Both panels were independently validated by differen-
tial expression analysis of the HEV-infected transcrip-
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tomic dataset GSE262469. Several members of each
panel showed robust regulation in the disease context
(e.g., PTPRU, SLC6A15, SYT9, CELF4), supporting the hy-
pothesis that these genes may play functional roles in
HEV pathogenesis despite limited prior study.

Biological implications
The identified genes span diverse functional cate-
gories:

« PTPRU encodes a receptor-type protein tyrosine
phosphatase implicated in cell-cell adhesion and
signaling, processes that could influence viral
entry or immune modulation.

+ TMBIM1 belongs to the transmembrane BAX in-
hibitor motif family, known to regulate apopto-
sis and endoplasmic reticulum stress—both hall-
marks of viral infection.

+ ADGRA3 is an adhesion G-protein-coupled recep-
tor with potential roles in tissue remodeling and
inflammation.

+ SYT9 and STXBP6 are involved in vesicular traf-
ficking and exocytosis, pathways that intersect
with viral replication and egress.

many of the computationally prioritized genes
are indeed transcriptionally responsive to HEV
infection.

Limitations
Several caveats must be acknowledged:

+ Publication count as a proxy for knowledge
does not capture the depth or quality of existing
studies; a gene with few but highly informative
papers could be misclassified as understudied.

« Gene set overlap bias may inflate the apparent
frequency of certain genes that are commonly
used as housekeeping or assay controls across
liver studies.

« Single-cohort transcriptomic validation lim-
its generalizability; the expression patterns
observed in GSE262469 may not reflect all
HEV genotypes, infection stages, or host back-
grounds.

« GSFM predictions are contingent on the train-
ing data and model architecture; false positives
are possible, and experimental confirmation is
essential.

+ GALNTI17/18encode N-acetylgalactosaminyltransferases

that modify glycoproteins; altered glycosylation
can affect viral particle assembly and host im-
mune recognition.

Theenrichment analyses of the up- and down-regulated
gene sets highlighted KEGG pathways related to
metabolic reprogramming, autophagy, and innate
immune signaling, consistent with prior reports that
HEV manipulates host metabolism and autophagic
flux to facilitate replication. The convergence of under-
studied genes onto these pathways suggests that they
may act as modulators or effectors within the same
biological networks.

Methodological strengths
The study’s strength lies in its systematic, data-driven
approach:

1. Comprehensive gene aggregation from multi-
ple curated resources mitigates bias inherent to
any single database.

2. Quantitative publication filtering provides
an objective metric for “understudied” status,
rather than relying on anecdotal impressions.

3. Integration of a language-model-based pre-

dictor (GSFM) adds a complementary, hypothesis-free

layer that can surface genes lacking experimen-
tal evidence but supported by latent patternsin
large-scale omics data.

4. Empirical validation using a well-characterized
RNA-seq cohort (GSE262469) demonstrates that

Future directions

To translate these findings into mechanistic insight
and therapeutic opportunity, we propose the following
next steps:

1. Targeted functional assays—CRISPR-mediated
knockout or siRNA knockdown of top understud-
ied genes in hepatocyte models infected with
HEV (both genotypel/2 and genotype3/4) to as-
sess effects on viral replication, particle release,
and host cell viability.

2. Proteomic and interactome mapping—affinity
purification coupled with mass spectrometry to
identify viral or host partners of the candidate
proteins, thereby elucidating their placement
within HEV-relevant pathways.

3. Cross-cohort validation—re-analysis of addi-
tional HEV RNA-seq datasets (e.g., GSE88731,
GSE135619) and single-cell transcriptomics to
confirm consistency of gene regulation across
experimental platforms and disease severities.

4. Invivo relevance—generation of liver-specific
conditional knockout mouse models for selected
genes (e.g., TMBIM1, PTPRU) to evaluate suscepti-
bility to experimental HEV infection and disease
outcomes.

5. Drug repurposing exploration—leveraging
the L2S2 drug predictions in conjunction with
the understudied gene signatures to prioritize
compounds for in vitro antiviral screening, fo-



cusing on agents that modulate the identified
pathways (e.g., autophagy inhibitors, apoptosis
regulators).

Conclusion

By integrating heterogeneous disease-gene resources,
bibliometric filtering, and a state-of-the-art predictive
model, we have highlighted a set of genes that are both
recurrently associated with hepatitisE and conspicu-
ously under-investigated. Preliminary transcriptomic
evidence supports their differential regulation during
infection, positioning them as promising candidates
for deeper functional interrogation. Systematic valida-
tion of these genes could uncover novel mechanisms
of HEV pathogenesis and reveal new therapeutic tar-
gets, thereby addressing a critical knowledge gap in
the management of this emerging global health threat.
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