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Background: The tumor microenvironment (TME) drives esophageal cancer (EC) progression and immune evasion, yet immune
cell-type-specific genetic regulatory candidates associated with EC susceptibility remain incompletely characterized. This study
aimed to prioritize immune cell-specific genetic regulatory candidates associated with EC susceptibility.

Methods: We integrated single-cell expression quantitative trait loci (sc-eQTL) data with East Asian EC genome-wide association
studies (GWAS; n =160,589) to perform Mendelian randomization (MR). MR-prioritized candidates were further evaluated using
tumor single-cell expression profiling, in silico perturbation analysis, The Cancer Genome Atlas Program (TCGA) transcriptomic
correlations, phenome-wide association studies (PheWAS), and drug-repositioning analysis.

Results: MR prioritized 18 gene—cell type pairs representing 16 immune cell-associated candidate genes (F-statistics >10), all of
which remained significant within the prioritized candidate set after Benjamini-Hochberg correction. These findings supported
a novel putative dual-axis immune evasion model. The TNFSFI13B-associated inflammatory component showed monocyte-
enriched tumor expression and transcriptomic associations with myeloid-derived suppressor cell (MDSC) markers CD33 (R =
0.63) and ITGAM (R = 0.47). Simultaneously, SLC25429 showed CDS8 effector memory T/NK-context MR signals but adipocyte-
enriched tumor expression, suggesting a stromal metabolic—-immune crosstalk hypothesis. In silico perturbation further linked
SLC25A429 to CD8+ T cell effector-related programs, including GZMK. PheWAS did not identify evident severe pleiotropic safety
signals for these hubs. Drug repositioning nominated 7TNFSF13B-directed agents, including belimumab, as testable repurposing
candidates requiring further validation.

Conclusions: This sc-eQTL-guided framework prioritizes immune cell-associated candidate genes and generates testable hy-
potheses linking germline genetic regulation, tumor single-cell expression localization, and TME remodeling in EC.

Keywords: esophageal cancer; tumor microenvironment; Mendelian randomization; single-cell eQTL; drug repositioning

Introduction immunosuppressive mechanisms, including the accumula-

tion of pro-tumor macrophages and exhausted T cells [5].

Esophageal cancer (EC) is one of the most malignant

cancers of the gastrointestinal system, with over 511,000
new cases documented annually worldwide [1]. Despite
combined-modality therapy, including surgical resection,
chemotherapy, and radiotherapy, the overall five-year sur-
vival rate remains bleak at 15-20% [2]. The tumor mi-
croenvironment (TME) is critical for EC progression, im-
mune evasion, and therapeutic resistance [3], a complex in-
teraction driven by a variety of environmental factors [4].
This complex ecosystem is composed of various immune
cell populations that facilitate tumor progression through

Current EC research utilizes bulk RNA sequencing,
which averages gene expression signals across hetero-
geneous cell populations and masks important cell-type-
specific transcriptional programs. While single-cell RNA
sequencing has revolutionized our ability to analyze TME
at the cellular level [6], differential expression analyses
based on these data are inherently prone to confounding
and reverse causality. Therefore, focusing therapeutic tar-
gets solely on transcriptional changes carries a significant
risk of translational failure, hindering the identification of
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regulatory networks controlling immune cell function in the
TME and the prioritization of causally validated therapeutic
targets.

Mendelian randomization (MR) uses genetic variants
as instrumental variables to infer causal relationships be-
tween exposures and outcomes, an approach that is less
prone to confounding bias and comparable to randomized
controlled trials [7]. In addition, the recent combination
of single-cell expression quantitative trait loci (sc-eQTL)
mapping and large-scale genome-wide association stud-
ies (GWAS) provides an opportunity to identify the ge-
netic variants that modulate gene expression in a cell-type-
specific manner [8,9]. This multi-omics approach allows
researchers to identify causal genes acting in specific im-
mune cell lineages, bridging genetic susceptibility and mi-
croenvironmental remodeling with single-cell resolution.
However, it is still challenging to identify which cell-type-
specific genetic variants causally contribute to EC develop-
ment.

Given the significant knowledge gap concerning im-
mune cell-specific causal genes in EC pathogenesis, it
is therapeutically essential to uncover the genetic drivers
within particular immune cell lineages. Therefore, we
systematically integrated sc-eQTL data with large-scale
GWAS for a comprehensive MR analysis. We further vali-
dated those findings with phenome-wide association studies
(PheWAS) to evaluate the pleiotropic effects and systemic
safety across various disease phenotypes [10]. Addition-
ally, we employed multi-dimensional validation integrating
The Cancer Genome Atlas Program (TCGA) clinical cor-
relations and virtual knockout approaches to functionally
characterize prioritized targets and elucidate their mecha-
nistic roles in EC development [11]. This study aims to pri-
oritize immune cell-associated candidate genes for EC and
generate testable hypotheses linking germline genetic reg-
ulation, TME remodeling, and potential drug-repurposing
opportunities, thereby providing a framework for future
functional validation studies.

Materials and Methods
Study Design and Data Acquisition

We employed an integrative multi-omics study strat-
egy that amalgamated tumor scRNA-seq data, immune cell-
specific sc-eQTL data, and large-scale GWAS summary
statistics. The scRNA-seq datasets were obtained from the
Gene Expression Omnibus (GEO, https://www.ncbi.nlm.n
ih.gov/geo/) database under accession number GSE196756,
which includes six EC samples (three tumor tissues and
three neighboring normal tissues). Single-cell libraries
were constructed with the 10x Genomics Chromium plat-
form and sequenced on an Illumina NovaSeq 6000 system.
The summary statistics for the EC GWAS outcome were ob-
tained from the IEU OpenGWAS database (https://gwas.m
rcieu.ac.uk/, Accession ID: ebi-a-GCST90018621), which
includes 160,589 East Asian participants [12].

Single-Cell RNA Sequencing Data Processing and
Clustering

We analyzed raw count matrices using the Seurat
package (v4.0) in R (v4.2). Rigorous quality control (QC)
standards were implemented: cells with less than 50 iden-
tified features (nFeature RNA <50) and those demonstrat-
ing a mitochondrial gene expression ratio of 15% or greater
(percent.mt >15) were omitted. Filtered gene expression
data were normalized by the LogNormalize method (scale
factor = 10,000), and then the top 1500 highly variable
genes were identified. To correct potential confounding
batch effects across samples, the Harmony algorithm was
applied using default parameters. A K-nearest neighbor
(KNN) graph was constructed by using the first 20 principal
components (PCs), and cells were clustered using the Find-
Clusters function with a resolution of 0.3. Results of high-
dimensional clustering were visualized using t-distributed
stochastic neighbor embedding (t-SNE).

Cell Type Identification and Differential Expression
Analysis

Cell types were identified using the SingleR pack-
age (v2.0) with several robust reference datasets, includ-
ing Blueprint Encode, Human Primary Cell Atlas, Monaco
Immune Data, and Novershtern Hematopoietic Data. Au-
tomated annotations were manually curated to define fi-
nal cell lineages, including but not limited to CD8+ T
cells, CD4+ T cells, B cells, monocytes, fibroblasts, ep-
ithelial cells, and keratinocytes. Differentially expressed
genes (DEGs) defining cell populations were identified us-
ing Wilcoxon rank-sum test (FindMarkers). Statistical sig-
nificance was defined by an adjusted p < 0.05 and an ab-
solute loga(Fold Change) >1. Visualization was executed
using the scRNAtoolVis R package (v0.1.0).

Cell-Cell Communication Network Analysis

Cell-cell communication in EC TME was analyzed by
the CellChat R package (v2.1.0) [13]. Normalized scRNA-
seq expression matrices were used to calculate the probabil-
ities of communication among defined cellular subpopula-
tions. To ensure robust signaling inference and to minimize
false-positive ligand-receptor pairs, we used filterCommu-
nication to remove interactions detected in fewer than 10
cells.

Selection of Instrumental Variables for sc-eQTLs

To test the putative causality at a single-cell res-
olution, we extracted cell-type-specific cis-eQTLs from
the OneK 1K database (https://oneklk.org/) as instrumen-
tal variables. These blood-derived sc-eQTLs were used
as immune-cell regulatory proxies; however, their appli-
cability to tumor-infiltrating immune cells remains a lim-
itation. Candidate instrumental variables were selected
with a sc-eQTL significance threshold of p < 5 x 1076
to keep enough cis-regulatory instruments in cell-type-
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specific eQTL-based MR. To address weak-instrument
bias, we checked the strength of the instrument using F-
statistics. We performed a sensitivity analysis using a
stricter sc-eQTL threshold of p < 5 x 10~8, where we had
sufficient instruments. Strict linkage disequilibrium (LD)
clumping (R? < 0.01, window size = 10,000 kb) was con-
ducted using the ieugwasr R package (v1.1.0) to ensure the
independence of the instrumental variables.

Two-Sample MR Analysis

The causal effect of immune cell-specific eGenes on
EC risk was evaluated using the TwoSampleMR/MR-Base
framework [14]. The MR design was based on three core
assumptions: genetic instruments should be strongly as-
sociated with immune cell-specific gene expression, inde-
pendent of potential confounders, and influence EC risk
only through the corresponding gene expression. To ad-
dress these assumptions, we selected cell-type-specific cis-
eQTLs as instruments, evaluated instrument strength using
F-statistics, applied stringent LD clumping, and conducted
sensitivity analyses to explore potential pleiotropy and het-
erogeneity [15].

Following data harmonization and the exclusion of
SNPs directly associated with the outcome (p < 0.05),
causal estimates were calculated using the inverse vari-
ance weighted (IVW) method for multiple SNPs and the
Wald ratio method for single SNPs. Horizontal pleiotropy
was evaluated via the MR-Egger intercept test [16]; Non-
significant MR-Egger intercept (p > 0.05) indicated no ev-
ident pleiotropic bias. Candidate gene—cell type pairs were
initially prioritized at nominal p < 0.05. To address multi-
ple testing among the reported nominal MR associations,
Benjamini—-Hochberg FDR correction was applied across
the 18 reported gene—cell type pairs, with BH-FDR <0.05
considered significant within the prioritized candidate set.

Population-Sensitivity Analyses for Ancestry
Mismatch

To address the ancestry mismatch between European-
derived sc-eQTL instruments and the East Asian EC GWAS
outcome dataset, additional population-sensitivity analyses
were performed. For each harmonized SNP, we calculated
the absolute effect allele frequency (EAF) difference be-
tween the exposure and outcome datasets. MR analyses
were repeated after excluding SNPs with EAF differences
>0.10 and >0.20. To account for ancestry-specific LD
structure, instrumental variables were further re-clumped
using the 1000 Genomes East Asian reference panel un-
der the same clumping parameters as the primary analy-
sis (R? < 0.01 within a 10,000-kb window). MR estimates
were recalculated after East Asian LD re-clumping and af-
ter the combined application of East Asian LD re-clumping
and EAF-difference filtering. Robustness was further eval-
vated using Cochran’s Q test, MR-Egger intercept, leave-
one-out analysis, weighted median, weighted mode, and
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MR-PRESSO, where sufficient SNPs were available. For
single-SNP instruments, heterogeneity, MR-Egger inter-
cept, and MR-PRESSO analyses were not applicable.

Validation of Causal Genes Using TCGA Data

To evaluate the clinical relevance of prioritized causal
genes, RNA-sequencing data from the TCGA-ESCA co-
hort (https://portal.gdc.cancer.gov/), comprising EC and
adjacent normal tissues, were analyzed. The expression
matrices were strictly pre-processed by /imma R package
(v3.68.2). To ensure the consistency of the data, the gene
symbols were harmonized, and the duplicate probe entries
were averaged with the avereps function. The Wilcoxon
rank-sum test was used to evaluate differences in expression
levels between the tumor and normal sample groups, and
statistical significance was defined as p < 0.05. Lastly, ex-
pression differences were visualized as boxplots with over-
laid jitter points using the ggpubr R package (v0.6.3).

Functional Enrichment Analysis

To explore the biological functions of genes dysregu-
lated after target perturbation, we performed pathway en-
richment (Gene Ontology [GO] and Kyoto Encyclopedia
of Genes and Genomes [KEGQG]) for significantly dysreg-
ulated genes identified from virtual knockout experiments
(adjusted p < 0.05). The enrichment statistical significance
was defined by an adjusted p < 0.05 with the clusterProfiler
R package (v4.20.0).

PheWAS

To systematically evaluate the pleiotropic effects and
systemic safety profile of the prioritized causal targets, we
conducted a PheWAS across a broad spectrum of contin-
uous and binary clinical traits, utilizing the AZPheWAS
web platform (https://azphewas.com/) [17]. Targets signif-
icantly correlated with major adverse complications were
excluded at this step.

Virtual Single-Cell Knockout and Drug Repurposing

To elucidate the downstream mechanisms of the key
causal genes, we performed virtual single-cell knockout
experiments in silico using the scTenifoldKnk R package
(v1.0.3) [18]. To reflect genome-wide transcriptional per-
turbations, gene regulatory networks (scGRNs) were sim-
ulated with 10 subnetworks (nc_nNet = 10) and 500 cells
per network (nc_nCells = 500). Genes with an adjusted p <
0.05 were considered significantly differentially regulated
and retained for downstream functional enrichment analy-
sis. Finally, we integrated our findings with respected phar-
macogenomic databases (Open Targets [https://www.op
entargets.org/], DrugBank [https://go.drugbank.com/], and
DGIdb [https://www.dgidb.org/]) to identify safe antago-
nist or inhibitor candidates for genomics-guided drug re-

purposing.
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Fig. 1. Single-cell transcriptomic landscape and cell-cell communication in the EC microenvironment. (A) t-SNE visualization

of 21,847 high-quality cells of six EC samples, colored by cell type annotations. (B) Stacked bar plot comparing the proportions of the

cell types between adjacent normal (Control) and EC tissues. (C) CellChat-derived communication network displaying the interaction

counts and strengths among different cell types. The main signaling hubs are monocytes and CD8+ T cells, and the thickness of the lines

indicates the strength of interaction. (D) Bubble plot of enriched ligand-receptor signaling pathways. Dot size indicates communication

probability, and color intensity indicates p-value significance. Boxed regions indicate representative immune-related ligand-receptor

interactions described in the text. EC, esophageal cancer; t-SNE, t-distributed stochastic neighbor embedding.
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Fig. 2. Characteristics of immune cell-specific eQTL instrumental variables. (A) Bar plot showing sample sizes for each of the 14

immune cell types from the OneK 1K cohort. (B) Donut chart illustrating the percentage distribution of 8733 eGenes across immune cell
lineages following LD clumping. CD4 NC harbors the largest proportion (23.8%). (C) Stacked bar plot showing the distribution of SNP
counts per eGene across cell types. The majority of eGenes are represented by a single SNP (n = 1). eQTL, expression quantitative trait

loci; LD, Linkage disequilibrium; CD4 NC, CD4+ naive/central memory; SNP, single nucleotide polymorphism.

Results

Single-Cell Transcriptomic Atlas and Cell-Cell
Communication Landscape of the EC
Microenvironment

After rigorous quality control and normalization,
21,847 qualified cells were retained for further analysis
to characterize the TME (Supplementary Fig. 1). Post
batch-effect correction, unsupervised clustering and t-SNE
projection revealed nine different cell populations, includ-
ing CD8+ T cells, B cells, monocytes, fibroblasts, epithe-
lial cells, adipocytes, hematopoietic stem cells (HSC), neu-
trophils, and keratinocytes (Fig. 1 A).

We compared the cellular composition between tumor
and adjacent normal tissues and found apparent shifts in
composition. In particular, the proportions of key immune
cell populations, including CD8+ T cells and monocytes,
were higher in tumor tissues, whereas structural epithelial
cells were lower (Fig. 1B). These descriptive differences
suggest an active and ongoing anti-tumor immune surveil-
lance with an expansion of the monocytic compartment that
could be explained by the possible recruitment of mono-
cytic myeloid-derived suppressor cells (M-MDSCs) con-
tributing synergistically to immune evasion.

Ligand-receptor interactions analysis showed broad
cell-cell communication with monocytes and CD8+ T cells
as major signaling hubs (Fig. 1C). In particular, CellChat
analysis revealed high probabilities of communication for
representative immune-related ligand-receptor pairs, such
as annexin Al (ANXAI)-, macrophage migration inhibitory

factor (MIF)-, galectin 9 (LGALSY)- and TNF superfam-
ily member 13b (TNFSF13B)- related interactions. By per-
mutation testing, these specific signaling networks were
significant (p < 0.05) in the interactions between antigen-
presenting cells (monocytes, B cells) and T cells (Fig. 1D).
The abundance of these cell surface interactions suggests
an important role for direct cell-cell contact and antigen
presentation in the development of anti-tumor immunity in
EC. Additionally, the topological centrality of monocytes
and CD8+ T cells as major signaling hubs strongly suggests
their potential roles as key regulators of tumor progression.
The rationale for these analyses was to assess whether these
highly communicative immune populations also represent
major cellular targets of genetic risk variants in our subse-
quent MR analysis.

Characteristics of Immune Cell-Specific eQTL
Instrumental Variables

To provide a solid statistical basis for causal infer-
ence, we rigorously assessed the properties of the extracted
cis-eQTLs across 14 different immune cell types. In total,
we discovered 12,858 independent cis-eQTLs, representing
8733 unique eGenes across all immune lineages. The ex-
pression datasets had sufficient statistical power, with sam-
ple sizes ranging from 643 cells (plasma cells) to 982 cells
(B cells and CD8+ T cell subsets) (Fig. 2A).

We observed substantial biological heterogeneity in
the distribution of eGenes across immune cell types.
The largest fraction of eGenes was present in CD4+
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naive/central memory T cells (CD4 NC: 23.8%), followed
by NK cells (13.9%) and CD8+ effector T cells (13.5%)
(Fig. 2B). Furthermore, analysis of the instrumental vari-
ables’ composition showed that most eGenes (68.4%) were
driven by one highly potent SNP, 24.7% were driven by two
independent SNPs, and 6.9% were driven by three or more
SNPs (Fig. 2C). This pattern of distribution demonstrates
the classical genetic makeup of immune-specific gene reg-
ulation and is helpful in improving the robustness of subse-
quent MR analyses by reducing weak instrument bias. Im-
portantly, the high fraction of eGenes identified in CD8+ T
cells and other key immune populations is in striking con-
cordance with their prominent roles as signaling hubs that
we discovered in cell-cell communication analysis, provid-
ing a genetic basis for their phenotypic prevalence in the
TME.

MR Prioritizes Immune-Specific Causal Genes for
EC

In the sc-eQTL-guided MR analysis, all priori-
tized instruments showed adequate instrument strength (F-
statistics ranging from 23.16 to 370.66, all significantly
>10), and Cochran’s Q tests showed no significant hetero-
geneity among analyzable multi-SNP instruments (all p >
0.05).

After this stringent filtering (p < 0.05, pleiotropy p >
0.05, and consistent effect direction), we successfully iden-
tified 18 unique gene-cell type pairs representing 16 distinct
genes significantly associated with EC risk (Table 1). Fol-
lowing Benjamini-Hochberg FDR correction, all 18 nomi-
nally significant associations remained statistically signif-
icant (BH-adjusted q values of 0.04983 before rounding;
Supplementary Table 1), supporting the robustness of the
prioritized gene—cell type pairs.

To evaluate whether the sc-eQTL instrument threshold
influenced the MR findings, we repeated the analysis using
amore stringent sc-eQTL threshold of p < 5 x 10~8. Under
this threshold, 17 of the 18 reported gene—cell type pairs re-
tained at least one instrument, although many were reduced
to single-SNP models. Several associations remained nom-
inally significant, whereas others showed directionally con-
sistent but attenuated estimates. These findings suggest that
the main effect directions were broadly preserved under a
stricter instrument threshold, although reduced instrument
numbers limited statistical power (Supplementary Table
2).

For the prioritized causal eGenes, a distinct cluster of
molecules involved in MHC-II was observed with HLA-
DQA?2 in naive/immature B cells (OR = 1.109, 95% CI:
1.013-1.215, p = 0.024) and NK-recruiting cells (OR =
1.225, 95% CI: 1.021-1.470, p = 0.029), HLA-DQAI in
CD8 effector memory T cells (OR =1.162, 95% CI: 1.011—
1.335, p = 0.035), and HLA-DRB5 in CD4 SOX4 T cells
(OR = 0.717, 95% CI: 0.539-0.954, p = 0.022). In ad-
dition to the canonical antigen-presenting machinery, our

framework also prioritized several highly novel and thera-
peutically actionable targets, including TNFSFI3B in CD4
naive/central memory T cells (OR =1.273, 95% CI: 1.001—
1.619, p=0.049), SLC25A429 in both CDS effector memory
T cells (OR =1.169, 95% CI: 1.006—-1.358, p = 0.041) and
NK cells (OR = 1.171, 95% CI: 1.006—-1.364, p = 0.042),
AGER in dendritic cells (OR =0.749, 95% CI: 0.582-0.963,
p = 0.024), and WARS in naive/immature B cells (OR =
0.826, 95% CI: 0.696-0.979, p = 0.027) (Fig. 3A).

We used a Manhattan plot to visualize the genome-
wide distribution of these eQTL associations (Fig. 3B). Fur-
thermore, the circos plot revealed that CD8 effector mem-
ory T cells and NK cells harbored multiple EC-associated
genetic regulatory candidates, highlighting these lineages
as key mediators of immune-related genetic susceptibility
in EC (Fig. 3C). Initial sensitivity analyses showed no evi-
dence of significant heterogeneity or directional horizontal
pleiotropy among analyzable multi-SNP instruments.

Population-Sensitivity Analyses Addressing
Ancestry-Related Allele Frequency and LD
Differences

Among the 47 harmonized SNP instruments support-
ing the 18 significant gene—cell type pairs, the median ab-
solute EAF difference between the exposure and outcome
datasets was 0.117. Specifically, 26 SNPs showed an EAF
difference >0.10, 11 showed an EAF difference >0.20,
and 3 showed an EAF difference >0.30, indicating non-
negligible ancestry-related allele frequency differences and
the need for further sensitivity evaluation (Supplementary
Table 3).

After excluding SNPs with EAF differences >0.20,
all 18 gene—cell type pairs retained at least one instrumen-
tal variable, although seven were reduced to single-SNP
models (Supplementary Table 4). Therefore, heterogene-
ity tests, MR-Egger intercept analysis, and MR-PRESSO
were not applicable to these single-SNP models. Under the
EAF < 0.20 threshold, several associations retained con-
sistent effect directions compared with the original MR re-
sults. Notably, SLC25429 in NK cells remained significant
and directionally stable, while SLC25429 in CD8 effector
memory T cells showed a consistent but borderline associ-
ation. WARS in naive/immature B cells and FBXO2 in CDS§
effector memory T cells also remained stable after EAF fil-
tering (Supplementary Table 5).

To further account for ancestry-specific LD structure,
we re-clumped the instruments using the 1000 Genomes
East Asian reference panel. The major effect directions
were broadly preserved after East Asian LD re-clumping
and after the combined analysis applying both East Asian
LD re-clumping and EAF < 0.20 filtering (Supplementary
Fig. 2). In particular, SLC25429 in NK cells, FBXO2 in
CD8 effector memory T cells, and WARS in naive/immature
B cells showed consistent estimates across sensitivity anal-
yses.
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Table 1. Causal effects of immune cell-specific eGenes on EC risk and corresponding instrumental variable diagnostics.

Cochran’s Q MR-Egger Intercept

Gene Cell Type nsnp OR (95% CI) IVW p-value F-statistic
p-value p-value

HLA-DRB5 CD4 SOX4 T cell 2 0.717 (0.539-0.954) 0.022 36.46 0.911 NA
AGER Dendritic Cell 2 0.749 (0.582-0.963) 0.024 47.70 0.970 NA
HLA-DQA2 Naive/Immature B Cell 6 1.109 (1.013-1.215) 0.024 303.88 0.586 0.355
EIF24 Natural Killer Cell 2 1.516 (1.055-2.180) 0.025 30.58 0.492 NA
WARS Naive/Immature B Cell 2 0.826(0.696-0.979) 0.027 158.28 0.502 NA
HLA-DQA2  Natural Killer Recruiting Cell 3 1.225(1.021-1.470) 0.029 71.44 0.738 0.902
TMEM258  CD4 Effector memory/TEMRA 2 0.730(0.551-0.968) 0.029 39.21 0.834 NA
ZBTB9 CD8 S100B T cell 3 0.773 (0.610-0.979) 0.033 57.56 0.864 0.714
MAST4 CD4 Naive/Central memory T cell 2 1.533 (1.034-2.273) 0.033 34.04 0.718 NA
FBX02 CDS8 Effector memory 2 1.796 (1.046-3.086) 0.034 30.76 0.881 NA
HLA-DQAI CDS8 Effector memory 4  1.162 (1.011-1.335) 0.035 105.21 0.453 0.844
PARPI14 CD8 Naive/Central memory T cell 2 0.653 (0.436-0.979) 0.039 23.16 0.837 NA
SLC25429 CD8 Effector memory 2 1.169 (1.006-1.358) 0.041 370.66 0.966 NA
SLC25429 Natural Killer Cell 2 1.171 (1.006-1.364) 0.042 365.40 0.993 NA
POLRID  CD4 Naive/Central memory T cell 2 0.796 (0.635-0.999) 0.049 298.87 0.759 NA
TNFSFI13B CD4 Naive/Central memory T cell 2 1.273 (1.001-1.619) 0.049 62.07 0.819 NA
APOM Dendritic Cell 5 1.235(1.000-1.525) 0.050 43.21 0.709 0.999
EBPL Naive/Immature B Cell 2 0.723 (0.523-1.000) 0.050 43.66 0.485 NA

OR, odds ratio; CI, confidence interval; IVW, inverse variance weighted; NA, not applicable.

1. F-statistic: The instrumental variable strength was quantified using the F-statistic, calculated as the mean of individual SNP F-statistics (F
= B2/SE?). All prioritized targets exhibited an F-statistic substantially greater than 10, strictly ruling out the possibility of weak instrument
bias.

2. Cochran’s Q p-value: This statistic assesses the heterogeneity of instrumental variables applied in the IVW approach. A p-value > 0.05
indicates no significant heterogeneity.

3. MR-Egger Intercept p-value: This test is used to detect directional horizontal pleiotropy. A p-value > 0.05 suggests no significant pleiotropic
effects. Values reported as NA refer to causal models comprising exactly two single nucleotide polymorphisms (SNPs, nsnp = 2). The MR-
Egger intercept test is mathematically impossible for these particular targets due to insufficient degrees of freedom. However, the robust
F-statistics and absence of heterogeneity (Cochran’s Q p > 0.05) strongly support the validity and robustness of their causal IVW estimates.
4. Gene symbols are defined as follows: HLA-DRBS5, major histocompatibility complex, class II, DR beta 5; AGER, advanced glycosylation
end-product specific receptor; HLA-DQA2, major histocompatibility complex, class 1, DQ alpha 2; EIF2A, eukaryotic translation initiation
factor 2A; WARS, tryptophanyl-tRNA synthetase 1; TMEM?258, transmembrane protein 258; ZBTBY, zinc finger and BTB domain containing
9; MAST4, microtubule-associated serine/threonine kinase family member 4; FBXO2, F-box protein 2; HLA-DQA I, major histocompatibility
complex, class II, DQ alpha 1; PARP14, poly(ADP-ribose) polymerase family member 14; SLC25429, solute carrier family 25 member 29;
POLRID, RNA polymerase I and III subunit D; TNFSF13B, TNF superfamily member 13b; APOM, apolipoprotein M; EBPL, emopamil
binding protein like.

Among analyzable multi-SNP instruments, Cochran’s
Q, MR-Egger intercept, MR-PRESSO, and leave-one-
out analyses did not reveal significant heterogeneity, di-

Single-Cell Expression Profiling and Cellular
Localization of Core Causal Targets

While MR analysis prioritized the genetic causality

rectional horizontal pleiotropy, outlier-driven effects, or
clear single-SNP-driven patterns (Supplementary Table
6). Overall, these analyses suggest that the nominal MR-
prioritized associations were not solely driven by ancestry-
related EAF or LD differences, although several associa-
tions should be interpreted as exploratory due to attenua-
tion after filtering, limited instrument numbers, and lack of
global FDR significance.

of these targets, their actual transcriptional activity within
the complex TME required further single-cell validation.
Among the 16 prioritized causal genes, members of the Hu-
man Leukocyte Antigen (HLA) family, specifically HLA-
DRB5 (OR = 0.717, p = 0.022) and HLA-DQA2 (OR =
1.109, p = 0.024), exhibit particular robust nominal as-
sociations. Although HLA family genes showed rela-
tively strong nominal MR associations, subsequent down-
stream characterization focused on non-HLA candidates
with clearer interpretability and translational tractability.
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id Cell Gene nsnp method pval OR(95% Cl)
bin Naive/Immature B Cell HLA-DQA2 6 VW 0.024 = 1.109 (1.013 to 1.215)
bin Naive/Immature B Cell WARS 2 VW 0.027 o 0.826 (0.696 to 0.979)
bin Naive/Immature B Cell EBPL 2 vw 0.050 o—i 0.723 (0.523 to 1.000)
cd4et CD4 Effector memory/TEMRA TMEM258 2 vw 0.029 - — 0.730 (0.551 to 0.968)
cd4nc CD4 Naive/Central memory T cell MAST4 2 vw 0.033 —— 1.533 (1.034 to 2.273)
cd4nc CD4 Naive/Central memory T cell POLR1D 2 VW 0.049 '-0-' 0.796 (0.635 to 0.999)
cd4nc CD4 Naive/Central memory T cell TNFSF13B 2 VW 0.049 '—O—c 1.273 (1.001 to 1.619)
cd4sox4 CD4 SOX4 T cell HLA-DRB5 2 vw 0.022 -, 0.717 (0.539 to 0.954)
cd8et CD8 Effector memory FBXO2 2 vw 0.034 — 1.796 (1.046 to 3.086)
cd8et CD8 Effector memory HLA-DQA1 4 vw 0.035 [ 1.162 (1.011 to 1.335)
cd8et CD8 Effector memory SLC25A29 2 VW 0.041 o~ 1.169 (1.006 to 1.358)
cd8nc CD8 Naive/Central memory T cell PARP14 2 vw 0.039 —o—i 0.653 (0.436 to 0.979)
cd8s100b CD8 S100B T cell ZBTB9 3 VW 0.033 o 0.773 (0.610 to 0.979)
dc Dendritic Cell AGER 2 vw 0.024 | 0.749 (0.582 to 0.963)
dc Dendritic Cell APOM 5 vw 0.050 —o— 1.235 (1.000 to 1.525)
nk Natural Killer Cell EIF2A 2 VW 0.025 b—O—' 1.516 (1.055 to 2.180)
nk Natural Killer Cell SLC25A29 2 VW 0.042 s ol 1.171 (1.006 to 1.364)
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Fig. 3. MR identifies immune-specific causal genes for EC. (A) Summary table and corresponding forest plot summarizing the MR
results for 18 significant gene-cell type pairs, including ORs, 95% CIs, and p-values. Red dots indicate risk-associated genes (OR >1),
and blue dots indicate protective genes (OR <1). (B) Manhattan plot visualizing the genome-wide distribution of eQTL associations
with EC risk. Significant loci are explicitly annotated. The dashed red line indicates the genome-wide significance threshold. (C) Circos
plot illustrating the relationships between the 18 causal genes (right ring) and their corresponding immune cell origins (left ring). Ribbon

width represents the strength of association. MR, Mendelian randomization; OR, odds ratio; CI, confidence interval.

Consequently, we targeted SLC25429 and TNFSF13B
for further analysis as our top candidates. We selected these
because they are druggable at the molecular level: TN-
FSF13B has an FDA-approved inhibitor (belimumab [19]),
and SLC25429 encodes a mitochondrial arginine/lysine
transporter involved in cancer-related metabolic remodel-
ing [20,21]. While the established roles of HLA fam-
ily genes in antigen presentation are well-documented,
SLC25A429 and TNFSF13B serve as relatively uncharacter-
ized upstream regulatory hubs in EC.

We first analyzed their spatial expression distribution
in the annotated EC scRNA-seq atlas. As demonstrated in
Fig. 4A,B, SLC25A429 was mainly expressed in adipocytes,

with relatively lower expression in other cell types. In-
terestingly, bulk-level analysis of the TCGA-ESCA cohort
showed similar overall expression of SLC25429 in nor-
mal and tumor tissues (Supplementary Fig. 3), but its
MR-identified causal signal and adipocyte-restricted ex-
pression suggest a specialized role within the stromal niche,
which may be masked in bulk transcriptomic profiles. On
the other hand, the clinical validation using the TCGA-
ESCA cohort showed a significant difference in the ex-
pression of TNFSF13B (p = 0.0091, Fig. 4C), supporting
its dysregulation during esophageal carcinogenesis. Con-
sistent with its known role in B cell activation and in-
nate immune regulation, TNFSF13B displayed predomi-
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nant expression in the monocytic compartment at the single-
cell resolution (Fig. 4D-F). Importantly, we considered
the immune regulatory contexts inferred from MR and
the localization of tumor single-cell expression as comple-
mentary but separate layers of evidence. Based on this
cross-compartment mapping, we proposed a putative “dual-
axis” immune evasion model involving the TNFSF13B-
associated inflammatory axis and SLC25429-related stro-
mal metabolic—-immune crosstalk. Notably, the MR signal
of SLC25A429 was extracted from CD8+ effector memory T
cells and NK cells, and its major expression is in adipocytes
in the EC single-cell atlas, suggesting that SLC25429 may
represent a stromal niche interacting with genetically sus-
ceptible immune effector cells, motivating further in silico
perturbation of this hub.

Functional Enrichment and Phenome-Wide Safety
Assessment of Target Genes

PheWAS analysis of 17,361 binary traits and 1419
quantitative traits indicated that most of the causal genes,
including HLA-DQA2, AGER, and TNFSF13B, showed no
significant associations with severe adverse outcomes such
as cardiovascular diseases, neurodegenerative disorders, or
malignancies, thereby providing preliminary reassurance
regarding systemic safety in the context of therapeutic tar-
geting (Fig. 5A,B).

GO enrichment analysis of the differentially expressed
genes following in silico virtual knockout of SLC25429
in adipocytes showed significant enrichment for terms re-
lated to antigen processing and presentation, MHC class 11
protein complex assembly, MHC protein complex-related
terms, and peptide antigen binding (Fig. 5C). KEGG path-
way analysis also showed enrichment of immune-related
pathways, such as antigen processing and presentation,
graft-versus-host disease, inflammatory bowel disease, and
regulation of lipolysis in adipocytes (Fig. 5D). The compen-
satory upregulation of antigen processing pathways follow-
ing metabolic disruption suggests that stromal SLC25429
might indirectly impact immune surveillance via lipid-
metabolism-related stromal remodeling rather than direct
MHC-II modulation.

Virtual Knockout Simulation and Drug Repositioning
Potential

To computationally investigate the potential stromal-
immune crosstalk driven by our spatial findings, we next
simulated disruption of the SLC25429-driven adipocyte
niche. A targeted virtual deletion of SLC25429 specifi-
cally in adipocytes was performed using the scTenifoldKnk
machine learning algorithm, which identified 187 differen-
tially regulated genes. Such in silico perturbation resulted
in the notable collapse of critical downstream regulatory
nodes like LEPR, LRRK2, and APOAI, which are funda-
mentally involved in lipid metabolism as well as the struc-
tural remodeling of the TME (Fig. 6A,B).
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In parallel, virtual knockout of 7NFSFI3B in
the monocyte subpopulation revealed 142 differentially
regulated genes. Interestingly, this targeted deletion
led to the conspicuous perturbation of potent pro-
inflammatory and myeloid-derived suppressor markers, in-
cluding 4C245128.3, S10049, and SLC25437 (Fig. 6C,D).
This specific transcriptomic change suggests that TN-
FSFI13B acts to limit or dampen these potent local inflam-
matory responses in the TME, consistent with its biological
function in regulating B cell survival and immune home-
ostasis.

Based on these findings, we systematically explored
the therapeutic potential of targeting these causal genes by
drug repositioning. Using authoritative pharmacogenomic
databases, we identified several FDA-approved and inves-
tigational compounds targeting the prioritized genes (Ta-
ble 2). Notably, Belimumab and other TNFSF'13B-directed
agents, as well as AGER-related compounds such as azeli-
ragon, emerged as testable repurposing candidates for EC.
HLA-targeting agents were not included in the current drug
repurposing table, given the extreme polymorphism, com-
plex LD structure, functional redundancy, and potential risk
of autoimmunity associated with direct HLA modulation.

Collectively, this multi-omics framework not only
identifies immune-specific causal genes in EC but also pro-
vides actionable drug repurposing opportunities, accelerat-
ing the translation of genomic discoveries into clinical ap-
plications.

Clinical Correlation and Cell-Intrinsic Functional
Validation of the Proposed Dual-Axis Model

To validate the mechanisms proposed by our in silico
models, we first applied the real-world bulk transcriptomic
data of the TCGA-ESCA cohort. Expression of TNFSF13B
was highly significantly positively correlated with classical
MDSC markers in the monocytic inflammatory axis, such
as CD33(R=0.63,p <2.2 x 107 16) and ITGAM (R=0.47,
p =12 x 10711) (Fig. 7A,B). The robust clinical correla-
tion supports the notion that monocytic TNFSF13B overex-
pression is responsible for MDSC accumulation and innate
immunosuppression.

Interestingly, SLC25429 showed a statistically sig-
nificant but modest negative correlation with the immune
checkpoint CD274 (encoding PD-L1) of the TCGA-ESCA
cohort (R = -0.17, p = 0.02; Fig. 7C) for the stromal
metabolic-immune axis. Although this macroscopic clin-
ical association is captured by TCGA data, it does not re-
flect cell-intrinsic functional defects. To address this lim-
itation, a high-resolution virtual perturbation was further
performed. In silico deletion of SLC25429 in CD8+ ef-
fector memory T cells, corresponding to the immune-cell
regulatory context underlying its MR signal, selectively
perturbed two effector-related nodes, GZMK and NEUI,
without causing global transcriptional collapse (adjusted p
< 0.05, Fig. 7D). The profound perturbation of GZMK, a
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Fig. 4. Single-cell spatial expression profiling, cellular localization, and clinical validation of core causal targets. (A,B) SLC25429
single-cell transcriptomic expression. (A) Bubble plot of percent expressed and average expression levels. (B) The t-SNE feature plot
and average expression bar plot illustrating the specific enrichment of SLC25429 in adipocytes. (C) Clinical validation of TNFSF13B
in TCGA-ESCA bulk RNA-seq cohort with significant differential expression between normal esophageal tissues and tumor samples.
(D-F) TNFSF13B single-cell transcriptomic expression. (D) Bubble plot, and (E) t-SNE feature plot along with an average expression
bar plot. (F) The violin plot showing the specific enrichment of TNFSF13B mainly in monocytes.


https://www.discovmed.com/

-log10 (P-value)

4
2
0
&
Q@@O@

B

-log10 (P-value)

1893

A Effectsize>0 V Effectsize<0

A st
w7
v # 3 a2
Phenotypic Categories
& RS e & > > o o
B RO & FE &S &
o SRS L &S &
& S S & &
S LS S

A Oddsratio>1 'V 0dds ratio <1

MHC class Il protein complex assembly
peptide antigen assembly with MHC class Il protein
complex

antigen processing and presentation of exogenous
peptide antigen

MHC protein complex assembly

peptide antigen assembly with MHC protein complex
antigen processing and presentation of exogenous
antigen

antigen processing and presentation of exogenous
peptide antigen via MHC class Ii

MHC protein complex

MHC class Il protein complex

transport vesicle-

clathrin-coated endocytic vesicle membrane

transport vesicle membrane

clathrin-coated endocytic vesicle

clathrin-coated vesicle membrane-

lumenal side of endoplasmic reticulum membrane { «

coated vesicle membrane.

coated vesicle

MHC class Il protein complex binding

MHC protein complex binding

peptide antigen binding

an

Antigen processing and presentation |
Allograft rejection {

Type | diabetes mellitus |
Graft-versus-host disease {

Intestinal immune network for IgA production {
Autoimmune thyroid disease |

Asthma {

Inflammatory bowel disease {

Viral myocarditis {

Leishmaniasis |

Human T-cell leukemia virus 1 infection {
Herpes simplex virus 1 infection {

Th1 and Th2 cell differentiation {
Rheumatoid arthritis {

Regulation of lipolysis in adipocytes {
Epstein-Barr virus infection {

Th17 cell differentiation {

Toxoplasmosis {

Influenza A+

PPAR signaling pathway |

N > N
& & N2
s o S 3
# N S &
& & S @
W v s &

Adjusted P
006

004

002

i
Count

Fig. 5. Safety evaluation of PheWAS and functional enrichment of target genes. (A,B) Phe WAS scatter plots to assess the pleiotropic

effects and systemic safety of the prioritized causal genes across thousands of continuous (A) and binary (B) clinical phenotypes. Sig-

nificance thresholds after Bonferroni correction are indicated by dashed lines. No significant associations with severe adverse outcomes
were found. (C) Bar plot of significantly enriched GO terms for the DEGs identified after virtual knockout of SLC25429 in adipocytes.
(D) The bar plot presents the KEGG pathways that were significantly enriched in the differentially expressed genes observed following

the virtual knockout. Pathways discussed in the main text are highlighted in dark red bold font for clarity. PheWAS, phenome-wide

association studies; GO, Gene Ontology; DEGs, differentially expressed genes; KEGG, Kyoto Encyclopedia of Genes and Genomes.


https://www.discovmed.com/

1894

Table 2. Drug repositioning candidates for non-HLA MR-prioritized causal genes.

Target Gene ~ Drug Name Mechanism of Primary Indication Clinical Status Source
Action
TNFSF13B Belimumab Inhibitor Systemic lupus erythematosus, Approved Open Targets,
(Antibody) Neuromyelitis optica DrugBank
TNFSF13B Tabalumab Inhibitor Multiple myeloma, Phase 11 Open Targets
(Antibody) Autoimmune diseases
TNFSF13B Atacicept Inhibitor (Protein) Lupus nephritis, Autoimmune Investigational Open Targets
diseases
TNFSF13B Blisibimod Inhibitor IgA nephropathy, SLE Investigational Open Targets
AGER Azeliragon ~ RAGE Antagonist Alzheimer’s disease, Failed Phase III in Alzheimer’s ~ Open Targets,
(Small molecule) Glioblastoma multiforme disease due to lack of efficacy on DrugBank,
cognitive and functional DGldb
endpoints; exploratory candidate
requiring EC-specific preclinical
validation
AGER Pyridoxamine Inhibitor Diabetic complications Investigational DrugBank,
DGlIdb
WARS Tryptophan Target Inhibitor Metabolic & nutritional Approved/Investigational DrugBank
analogues interventions

key cytotoxic effector, provides computational support for
a possible link between SLC25429-related regulation and
CD8+ T cell effector programs.

Discussion

In this study, we integrated single-cell transcriptomic
profiling, immune cell-specific sc-eQTL-guided MR [8],
and systematic drug repurposing [22] to elucidate the mech-
anisms underlying EC immune evasion. Using large-scale
East Asian EC GWAS data (160,589 samples) [23] and the
OneK1K sc-eQTL resource [8], we identified 18 immune
cell-specific causal gene—cell type pairs that correspond to
16 distinct genes. Our approach extends correlation-based
single-cell studies by integrating immune cell-specific ge-
netic regulation with EC GWAS data, providing a frame-
work for single-cell-informed causal prioritization. The
findings support a putative dual-axis immune evasion
model in EC, comprising a TNFSF13B-associated inflam-
matory axis with monocyte-enriched tumor expression and
an SLC25429-mediated stromal metabolic-immune axis
with adipocyte-enriched tumor expression.

Our work addresses three major limitations of tradi-
tional cancer immunogenetics. First, although many EC
risk loci have been found by traditional GWAS, most of
them are located in non-coding regions and cannot be at-
tributed to particular cell types [23]. In bulk tissue eQTL-
MR, averaging expression signals across heterogeneous
populations obscures the cell-type-specific regulatory net-
works [9]. We prioritized genetic regulatory signals in
circulating immune-cell contexts (including CD8+ effec-
tor memory T cells, NK cells, and monocytes) using im-
mune cell-specific sc-eQTLs [8]. Because these eQTLs

were derived from peripheral blood, not tumor-infiltrating
lymphocytes, our results should be considered a projec-
tion of genetically controlled immune programs onto the
EC microenvironment, rather than direct evidence of eQTL
activity within tumor-infiltrating cells. Accordingly, for
TNFSF13B and SLC25A429, the MR-inferred immune-cell
contexts were interpreted together with tumor scRNA-seq
expression localization as a cross-compartment mapping
strategy, rather than as evidence that the genetic regula-
tory cell type and the dominant tumor-expressing cell type
must be identical. Second, previous single-cell studies in
EC have provided valuable atlases [24,25] but were in-
herently correlational; they cannot distinguish cause from
consequence. Our MR analysis prioritizes TNFSF13B and
SLC25A429 as upstream regulatory candidates rather than
downstream markers. Third, while the MHC region har-
bors the strongest EC associations, we strategically pri-
oritized non-HLA targets (e.g., TNFSFI13B, SLC25429,
AGER) for downstream biological characterization and
drug-repurposing analysis. Although several HLA-region
genes showed nominal MR associations, they were not ad-
vanced as therapeutic repurposing targets because HLA
genes are highly polymorphic, central to antigen presen-
tation, and located within a complex LD-rich region with
substantial functional redundancy [26]. Thus, HLA-related
findings were retained as genetic observations rather than
actionable drug-repurposing candidates.

The dual-axis mechanism was first proposed in an in-
dependent CellChat-based analysis of cell-cell communi-
cation [27], where monocytes were identified as central
signaling hubs in the EC microenvironment. TNFSF3B
was convergently prioritized with the MR signal from CD4
naive/central memory T cell contexts in our follow-up sc-
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Fig. 6. In silico virtual single-cell knockout simulation reveals downstream mechanisms. (A,B) Differentially regulated genes
following SLC25A429 virtual knockout in adipocytes: (A) Bar plot showing the top 20 differentially expressed genes (including LEPR,
LRRK2, APOAI), and (B) Volcano plot displaying global transcriptomic alterations. (C,D) Differentially regulated genes following
TNFSF13B virtual knockout in monocytes: (C) Bar plot showing the top differentially expressed genes (including AC245128.3, S10049,
and SLC25437), and (D) Volcano plot. Genes with adjusted p < 0.05 are considered significantly differentially regulated.

eQTL-guided MR analysis, whereas its tumor expression
was enriched in monocytes. This convergence of pheno-
typic network analysis and MR-based prioritization raises
the possibility that genetic regulatory signals may con-
verge on highly communicative immune nodes in the EC
microenvironment. TNFSFI3B is conventionally a B-cell
survival factor [28], but single-cell spatial profiling re-
vealed that TNFSF13B is mainly expressed in monocytes
and not B cells in the EC TME. In silico virtual knockout
of monocyte-enriched TNFSF13B resulted in marked reg-
ulation of §70049, a hallmark of MDSC activation [29].
These computational predictions were further supported by

TCGA-ESCA correlation analysis, which demonstrated ro-
bust positive associations between TNFSFI3B and clas-
sical MDSC markers CD33 and ITGAM. Taken together,
these results are consistent with a TNFSF13B-associated
paracrine inflammatory model where monocyte-enriched
TNFSF13B might contribute to MDSC-related immunosup-
pressive programs.

In parallel, we proposed a stromal metabolic-immune
axis centered on SLC25A29, a mitochondrial carrier for
arginine and lysine transport [30] whose role in tumor im-
munology was previously unknown. MR indicated that
the SLC25A429 genetic regulatory signal was derived from
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circulating CD8+ T and NK cells. Paradoxically, single-
cell expression localized SLC25429 almost exclusively to
adipocytes within the EC microenvironment. Rather than
a contradiction, we propose that this reflects trans-cellular
metabolic crosstalk: adipocyte-enriched SLC25429 may
shape a nutrient-deprived stromal niche that suppresses the
cytotoxic capacity of genetically susceptible infiltrating T
cells. Virtual knockout of SLC25429 in CD8+ effector
memory T cells specifically affected GZMK, a core cyto-
toxic effector, without global transcriptional collapse. Si-
multaneously, adipocyte-specific SLC25429 deletion per-
turbed lipid metabolic regulators (LEPR, LRRK2, APOAI)
and induced compensatory enrichment of antigen process-

ing pathways. Interestingly, SLC25429 and CD274 (PD-
L1) were slightly negatively correlated in TCGA analysis.
Given the small effect size, this finding should be regarded
as an exploratory transcriptomic observation. Further func-
tional studies are needed to determine whether this relation-
ship is a PD-L1-dependent or PD-L1-independent immune
regulatory feature [31]. Based on the adipocyte-enriched
expression of SLC25429 and its computational link to
CDS8+ T cell effector programs, we tentatively proposed
a “metabolic exhaustion” hypothesis, where adipocyte-
associated lipid remodeling and nutrient competition may
contribute to impairing both CD8+ T cell cytotoxicity and
antigen presentation [32]. These findings identify 7N-
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FSF13B-related inflammatory programs and SLC25429-
related stromal metabolic features as two candidate com-
ponents of the EC immune microenvironment.

Although the PD-1/PD-L1 pathway is the current fo-
cus of EC immunotherapy, durable clinical benefit re-
mains limited in many patients. Objective response
rates are approximately 47% to 58% for first-line chemo-
immunotherapy regimens and only 11% to 25% for
monotherapies in later-line settings [33,34]. Such clini-
cal heterogeneity highlights the need to explore immune-
regulatory programs in addition to canonical checkpoint
signaling. To assess the translational potential of our iden-
tified targets, we performed PheWAS on thousands of bi-
nary and continuous clinical phenotypes [17,35]. Analysis
showed that the prioritized causal genes (e.g., TNFSF13B,
AGER, and HLA-DQA2) have no significant pleiotropic
associations with severe cardiovascular, neurological, or
autoimmune disorders, suggesting a favorable safety pro-
file. Belimumab, an FDA-approved anti-TNFSF13B mon-
oclonal antibody for systemic lupus erythematosus, has a
decade of safety data [36] and may provide a pharmaco-
logical tool to test the TNFSF13B-associated inflammatory
axis. Azeliragon, an oral AGER antagonist [37], previously
failed in Phase III Alzheimer’s disease trials after failing to
meet cognitive and functional efficacy endpoints. Enthu-
siasm for direct clinical repurposing is limited, but the AD
failure may not directly translate to EC due to distinct dis-
ease biology and clinical endpoints. Thus, azeliragon is pre-
sented here as an exploratory, testable RAGE-targeting can-
didate needing EC-specific preclinical validation. These re-
purposing candidates may provide rapid, lower-risk path-
ways to the clinic, as human genetic support doubles the
rate of successful clinical translation [38]. We propose
a hypothesis-generating framework for future testing, in
which monocyte-enriched EC subtypes could be probed for
TNFSF13B/AGER-related inflammatory features and po-
tential interactions with PD-1/PD-L1 blockade in preclin-
ical models.

Several limitations should be acknowledged. First, the
sc-eQTL data derive primarily from European-ancestry in-
dividuals and peripheral blood immune cells, whereas the
EC GWAS is East Asian and the scRNA-seq dataset repre-
sents tumor tissues; therefore, both ancestry mismatch and
tissue-context differences between circulating and tumor-
infiltrating immune cells may affect generalizability. Sec-
ond, all functional predictions were computational and re-
quire experimental validation. For SLC25429, the mis-
match between CD8+ T/NK cell-contexts MR signal and
adipocyte-enriched tumor expression indicates that the pro-
posed stromal metabolic—immune crosstalk model remains
hypothesis-generating. Third, our scRNA-seq dataset in-
cluded only six EC patients, which may not capture the
full inter-tumor heterogeneity. Fourth, although the re-
ported nominal MR associations remained significant af-
ter BH-FDR correction within the prioritized candidate set,
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the screening-level nature of the MR framework and lim-
ited SNP numbers for several associations warrant cautious
interpretation. Future studies should also focus on the de-
velopment of ancestry-matched sc-eQTL resources, larger
tumor single-cell cohorts and experimental validation using
adipocyte-immune co-culture systems, tumor organoids,
genetic perturbation models and preclinical evaluation of
candidate therapeutic combinations.

Conclusions

Collectively, this study identified TNFSFI13B-
associated inflammatory programs and SLC25429-related
stromal metabolic features as two candidate components
of the EC immune microenvironment. These findings link
germline genetic regulation to the organization of the TME
and provide a foundation for improving prioritization of
immune—stromal targets in EC.
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