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Identifying therapeutic target genes @
for diabetic retinopathy using systematic
druggable genome-wide Mendelian
randomization

Long Xie'", Yu Qin Peng? and Xiang Shen'

Abstract

Introduction The treatment and prevention of diabetic retinopathy (DR) remain significant challenges. Mendelian
randomization (MR) has been widely used to explore novel therapeutic targets. In this study, we conducted a
systematic druggable genome-wide MR analysis to explore potential therapeutic targets for DR.

Methods We obtained data on druggable genes and screened for genes within blood expression quantitative

trait loci (eQTL), which were then subjected to MR analysis and colocalization analysis with DR genome-wide
association studies data to identify genes strongly associated with DR. Additionally, Gene Ontology (GO) analysis,
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis, protein-protein interaction (PPI) network
construction, drug candidate prediction, and molecular docking were performed to provide valuable insights for the
development of more effective and targeted therapeutic drugs.

Results MR analysis of blood eQTLs revealed 30 significant DR-associated druggable genes, with PRKABT (OR=0.935,
95% Cl: 0.892 t0 0.980) and CNRT (OR=0.814, 95% Cl: 0.696 to 0.951) being protective genes, whereas CACNATE
(OR=1.282,95% Cl: 1.050 to 1.565), NMET (OR=1.198, 95% CI: 1.028 to 1.397), and CHRNA2 (OR=1.192, 95% Cl: 1.025
to 1.386) were associated with increased risk. KEGG analysis highlighted significant pathways, including adrenergic
signaling in cardiomyocytes (hsa04261), the oxytocin signaling pathway (hsa04921), and arrhythmogenic right
ventricular cardiomyopathy (hsa05412). PPl network analysis identified two key modules: one comprising BINT,
CDH2,ACTN1, EPAST, CEBPA, and CTSD nodes, and the other consisting of CACNG6, CACNATE, CACNA2D3, and RASGRP3
nodes. Drug candidate prediction suggested ethanol and isoflupredone as potential therapeutic interventions, and
molecular docking revealed C5's strong protein binding affinity.

Conclusions This study utilized MR and colocalization analysis to identify potential drug targets for DR. The findings
provide promising leads for the treatments of DR, potentially reducing drug development costs.
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Introduction

Diabetes mellitus (DM) has emerged as a significant
global health concern due to its increasing prevalence
and associated complications [1]. Nearly half of indi-
viduals with type 2 diabetes mellitus (T2DM) eventually
develop diabetic microvascular complications (DMCs),
with diabetic retinopathy (DR) being the most common
manifestation. These complications can lead to irrevers-
ible damage, including vision impairment, disability, and
increased mortality [2]. Therefore, identifying effective
treatments for DR is crucial for early prevention and
intervention.

The management and prevention of DR present con-
siderable challenges. Although novel pharmacological
agents have been introduced, offering substantial benefits
to patients, issues such as adverse effects and suboptimal
response rates persist. Recent advancements in genetic
research related to DR have identified numerous poten-
tial targets for drug development. However, substantial
challenges impede the translation of these genetic discov-
eries into clinical applications. Although genome-wide
association studies (GWAS) have identified various loci
associated with DR, there is a significant gap in under-
standing the tissue-specific expression patterns of these
genes, particularly in retinal endothelial cells. This lack
of comprehensive knowledge severely limits the clini-
cal utility of these genetic insights [3]. Additionally, the
functional roles of many identified genes remain unclear,
as most MR analyses have concentrated on genes linked
to well-established metabolic pathways, such as VEGF
signaling. Meanwhile, emerging factors like epigenetic
regulators, including histone deacetylases, remain largely
unexplored, despite their potential contributions to the
progression of DR [4].Consequently, there is a press-
ing need to explore potential therapeutic targets for DR.
Integrating genetic insights into drug development may
offer innovative strategies. While GWAS have proven
effective in identifying single nucleotide polymorphisms
(SNPs) linked to DR risk [5], they often fall short of iden-
tifying causative genes or facilitating drug development
without extensive downstream analyses.

Mendelian randomization (MR) is a robust analytical
approach that leverages genetic variation as instrumental
variables (IVs) to establish causal relationships between
exposures and outcomes [6]. This analytical method
has gained prominence in identifying novel therapeu-
tic targets by integrating data from disease GWAS and
expression quantitative trait loci (eQTL) studies [7]. A
fundamental element of this methodology is the employ-
ment of eQTLs within the genomic regions of druggable
genes. These eQTLs are frequently considered suitable
proxies in this particular context, given that gene expres-
sion levels can be construed as a reflection of lifelong
exposure to the effects of these genes [8]. This rationale
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underlies the frequent use of eQTLs of druggable genes
as IVs in MR studies [8, 9]. In this study, we conducted
a systematic druggable genome-wide MR analysis to
identify potential therapeutic targets for DR. Initially,
we compiled a comprehensive dataset of druggable
genes and screened for those within blood eQTLs. These
genes were subsequently analyzed using two-sample MR
alongside DR GWAS data to identify those significantly
associated with the disorder. To ensure the robustness
of our findings, we performed a colocalization analy-
sis. Additionally, we conducted enrichment analysis and
constructed a protein-protein interaction network for
all significant genes, offering valuable insights into their
biological processes and regulatory mechanisms. Finally,
we predicted potential candidate drugs and performed
molecular docking studies, offering promising leads for
the development of more effective and targeted thera-
peutic agents for DR.

Methods

An overview of this study is presented in Fig. 1. Ethics
approval was not required for the study. The paper was
prepared per the STrengthening the Reporting of Obser-
vational Studies in Epidemiology-MR (STROBE-MR)
checklist for the study (Supplementary Material Table
S1).

DGIdb: Drug-Gene Interaction Database; eQTL:
expression quantitative trait loci; GWAS: genome-wide
association studies; PPL: protein—protein interaction;
DSigDB: Drug Signatures Database.

Druggable genes

Druggable genes were obtained from the Drug-Gene
Interaction Database (DGIdb) (https://dgidb.org/) [10].
The DGIdb provides valuable information regarding
drug-gene interactions and the potential for druggabil-
ity. Specifically, we accessed the “Categories Data” from
DGIdb, which was last updated in February 2022. Addi-
tionally, we included a list of druggable genes from a
review by Finan et al. [11]. By integrating data from these
two sources, we compiled a more comprehensive list of
druggable genes, which has been employed in previous
studies [12, 13].

eQTL datasets

The blood eQTL dataset was sourced from eQTLGen
(https://eqtlgen.org/), which provided cis-eQTLs for
16,987 genes based on data from 31,684 blood samples
collected from healthy individuals of European ancestry
[9]. We selected cis-eQTL results that met a strict false
discovery rate (FDR) threshold of less than 0.05 and
included allele frequency data. All eQTLs meeting this
FDR criterion were downloaded for genes with expres-
sion levels exceeding 0.1 fragments per kilobase per
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Fig. 1 Overview of this study design
Table 1 The details of eQTL and GWAS used in the study
Dataset Sample size Ancestry Consortium Web link
The blood cis-eQTL 31,684 European eQTLGen https://eqtlgen.org/
Diabetic retinopathy GWAS 12,681 cases and 71,596 controls European NA https://r11.finngen.fi/pheno/DM_RETINOPATHY

million mapped reads in at least 10 samples. Additionally,
complete SNP details were retrieved (Table 1).

Diabetic retinopathy GWAS dataset and SNP selection
Summary data on the association between SNPs and DR
were extracted from the FinnGen consortium released on
June 24, 2024 (https://r11.finngen.fi/) [14]. The GWAS
of DR included 12,681 cases and 71,596 controls, all of
European ancestry. For SNPs associated with druggable
genes that were absent in the DR GWAS, proxy SNPs
in strong linkage disequilibrium (R*>0.8) were identi-
fied and included. A weak instrument, indicated by an
F-value below 10, was excluded [15]. The exposure-out-
come dataset was harmonized to exclude palindromic
SNPs.

MR analysis

MR analyses were conducted using the “TwoSampleMR”
package (version 0.5.7) in R [16]. The eQTLs of the
druggable genome served as the exposure data. For IV

construction, SNPs with an FDR below 0.05 and located
within +100 kb of each gene’s transcriptional start site
(TSS) were selected. These SNPs were subsequently
clumped at an R? threshold of less than 0.001 using Euro-
pean population data from the 1000 Genomes Project
[17]. The R package “pheno-scanner” (version 1.0) was
employed to identify phenotypes related to the IVs [18].
SNPs directly linked to DR or traits directly associated
with it were excluded. The remaining SNPs were harmo-
nized before MR analyses. For cases with only one SNP
available, the Wald ratio method was used for MR esti-
mation. When multiple SNPs were available, MR analy-
sis was performed using the inverse-variance weighted
(IVW) method with random effects [19]. Cochran’s Q
test was applied to evaluate heterogeneity among the
causal effects of the SNPs [20]. while MR Egger’s inter-
cept was used to assess SNP pleiotropy [21]. P-values
were adjusted using the FDR method, with 0.05 set as
the significance threshold. The study conducted sensitiv-
ity analyses using the “leave-one-out” approach to assess
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the robustness of the MR results [22]. Furthermore, tar-
get genes associated with medications commonly used to
treat DR were selected, and their MR results were com-
pared with those of significantly druggable genes.

Colocalization analysis

A single SNP may be located in the regions of multiple
genes, meaning its effect on DR could be influenced by
various genetic factors. To address this, colocalization
analysis was performed to confirm shared causal genetic
variations between DR and eQTLs at the same physical
location. We specifically filtered SNPs located within
+100 kb of each DR risk gene’s TSS using data from DR
GWAS [7] and blood eQTL datasets. The probability of
an SNP being associated with DR was denoted as P1, the
probability of an SNP being a significant eQTL as P2, and
the probability of an SNP being both associated with DR
and a significant eQTL as P12. Default probability values
were applied: P1=1x10" P2=1x10" and P12=1x10"°
[23]. Posterior probabilities (PPs) were calculated to eval-
uate support for the following hypotheses: PPHO, SNP
is unrelated to either trait; PPH1, SNP is related to gene
expression but not to DR risk; PPH2, SNP is linked to
DR risk but not to gene expression; PPH3, SNP is associ-
ated with both DR risk and gene expression, with clear
causal variation; and PPH4, SNP is linked to both DR risk
and gene expression, sharing a common causal variant.
Given the limited capacity of colocalization analysis, we
restricted our subsequent analyses to genes where PPH4
was greater than or equal to 0.75. Colocalization analy-
sis was conducted using the R package “coloc” (version
5.2.3) [24].

Enrichment analysis

To investigate the functional characteristics and biologi-
cal relevance of the predetermined prospective druggable
genes, we utilized the R package “clusterProfiler” (ver-
sion 4.10.1) to perform Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrich-
ment analyses [25]. The GO analysis encompassed three
categories: Biological Process (BP), Molecular Function
(MF), and Cellular Component (CC), which provide
insights into gene functions and their roles in biologi-
cal systems. KEGG pathway analysis offered information
about metabolic.

PPI network construction

PPI networks were constructed to visually represent
the relationships between the interactions of proteins
encoded by significant druggable genes. These networks
were generated using the STRING database (https://c
n.string-db.org/) with a minimum required interaction
confidence score set at 0.4. All other parameters were
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kept at their default settings to ensure consistency in the
analysis.

Candidate drug prediction

The Drug Signatures Database (DSigDB, https://dsigdb
.tanlab.org/DSigDBv1.0/) [26] is a sizable database con-
taining 22,527 gene sets and 17,389 unique compounds
associated with 19,531 genes. We uploaded previously
identified significant druggable genes to DSigDB to pre-
dict candidate drugs and evaluate the pharmacological
activity of target genes.

Molecular docking

Molecular docking was performed to evaluate the bind-
ing energies and interaction patterns between candidate
drugs and their target proteins. This approach enabled
the identification of ligands with high binding affinity
and favorable interaction characteristics, which were
then prioritized for further experimental validation and
optimization in drug design. Drug structural data were
sourced from the PubChem Compound Database (htt
ps://pubchem.ncbi.nlm.nih.gov/) [27] and downloaded
in SDF format. These files were converted to pdb for-
mat using OpenBabel 2.4.1. Protein structural data were
downloaded from the Protein Data Bank (PDB, https://w
ww.rcsb.org/) [28]. The top five candidate drugs and their
corresponding protein targets, encoded by significant
genes, underwent molecular docking analysis using the
CB-Dock2 online platform (https://cadd.labshare.cn/cb
-dock2/index.php) [29].

Results

Druggable genome

A total of 5,012 druggable genes were identified from the
DGIdb. In addition, 4,479 druggable genes were retrieved
from prior literature reviews. By integrating these data-
sets, we compiled 6,888 unique druggable genes, all of
which were annotated by the Human Genome Organi-
zation Gene Nomenclature Committee (HGNC). These
genes were used for subsequent analyses (Table S2).

Candidate druggable genes

After intersecting blood eQTLs with druggable genes,
3,460 gene symbols were identified. MR analysis was con-
ducted on these genes, resulting in the identification of
30 significant genes associated with DR (Fig. 2A). Protec-
tive genes were defined as those with odds ratios (OR)
less than 1, indicating a potential reduction in the risk
of developing a particular condition. For instance, genes
such as PRKABI (OR=0.935, 95% CI: 0.892 to 0.980)
and CNRI (OR=0.814, 95% CI: 0.696 to 0.951) exhibited
significant protective associations, as their confidence
intervals exclude 1 and their p-values (0.005 and 0.010,
respectively) indicate statistical significance. Conversely,
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A
exposure nsnp method pval OR(95% Cl)
PRKAB1 4 Inverse variance weighted 0.005 el 0.935 (0.892 to 0.980)
CNR1 2 Inverse variance weighted 0.010 o——i | 0.814 (0.696 to 0.951)
ACTBP8 2 Inverse variance weighted 0.012 ——t 0.915 (0.854 to 0.981)
CHIT1 2 Inverse variance weighted 0.012 «o—— | 0.842 (0.735 to 0.963)
EPAS1 2 Inverse variance weighted 0.015 [ — 1.282 (1.050 to 1.565)
CTSD 2 Inverse variance weighted 0.018 — | 0.789 (0.648 to 0.960)
SYNE3 2 Inverse variance weighted 0.021 [ —e 1.198 (1.028 to 1.397)
CACNA2D3 2 Inverse variance weighted 0.022 r—o—c: 0.898 (0.819 to 0.985)
ACTN1 2 Inverse variance weighted 0.023 | — 1.192 (1.025 to 1.386)
CDH2 2 Inverse variance weighted 0.023 E —_— 1.176 (1.023 to 1.352)
CEBPA 2 Inverse variance weighted 0.024 «w—— | 0.829 (0.704 to 0.976)
PPP2R5D 2 Inverse variance weighted 0.026 <«o—— ' 0.837 (0.716 to 0.979)
CACNA1E 2 Inverse variance weighted 0.029 —o—, 0.882 (0.788 to 0.987)
SERPINB8 3 Inverse variance weighted 0.031 ot 1.045 (1.004 to 1.087)
GALNT1 2 Inverse variance weighted 0.032 — 1.109 (1.009 to 1.218)
CAMK2D 4 Inverse variance weighted 0.034 —— 1.087 (1.006 to 1.174)
LAMP3 2 Inverse variance weighted 0.036 ¢O—GE 0.836 (0.707 to 0.988)
MPI 2 Inverse variance weighted 0.036 —— 1.082 (1.005 to 1.165)
VSIR 2 Inverse variance weighted 0.038 — 1.170 (1.008 to 1.357)
GGH 2 Inverse variance weighted 0.038 —— 1.132 (1.006 to 1.274)
SDC2 2 Inverse variance weighted 0.040 — 1.231 (1.010 to 1.501)
CPD 2 Inverse variance weighted 0.040 —o—t 0.932 (0.871 to 0.997)
SENP7 2 Inverse variance weighted 0.042 o 0.962 (0.927 to 0.999)
TGM1 2 Inverse variance weighted 0.043 l—o—cl 0.915 (0.839 to 0.997)
CACNG6 2 Inverse variance weighted 0.043 —_— 1.177 (1.005 to 1.379)
NME1 3 Inverse variance weighted 0.044 ;—0—1 1.058 (1.001 to 1.119)
SEMA3A &3 Inverse variance weighted 0.045 p—e— 1.136 (1.003 to 1.287)
CHRNA2 2 Inverse variance weighted 0.046 —e 1.191 (1.003 to 1.414)
BIN1 4 Inverse variance weighted 0.047 —— 1.057 (1.001 to 1.117)
RASGRP3 2 Inverse variance weighted 0.049 —a—s 1.117 (1.000 to 1.248)
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Fig. 2 Forest plot of 30 significant DR-associated genes identified by MR analysis, highlighting protective (e.g., PRKAB1, CNR1) and risk (e.g., CACNATE)
candidates with FDR<0.05 (A). Manhattan plot of DR-related genes in blood (B)
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risk genes were defined as those with OR greater than 1,
suggesting an increased likelihood of disease develop-
ment. For example, CACNAIE exhibited an OR of 1.282
(95% CI: 1.050 to 1.565) with a p-value of 0.015, indicat-
ing a significant association with increased risk of DR.
Similarly, NMEI (OR=1.198, 95% CI: 1.028 to 1.397)
and CHRNA2 (OR=1.192, 95% CI: 1.025 to 1.386) dem-
onstrated significant risk associations, with confidence
intervals excluding 1. The Manhattan plot is presented in
Fig. 2B. Detailed results for the significant IVs of MR are
available in Table S3. We have performed comprehensive
sensitivity analyses (leave-one-out MR, MR-Egger, and
MR-PRESSO), confirming the stability of associations
(detailed in Supplementary Table S4), with no evidence of
pleiotropy or influential outliers.

Enrichment analysis

GO analysis of the 30 potential targets revealed their
involvement in BP such as regulation of calcium ion
transmembrane transport via high voltage-gated calcium
channels (GO: 1902514), calcium ion transmembrane
transport via high voltage-gated calcium channels (GO:
0061577), regulation of action potential (GO: 0098900),
and regulation of endopeptidase activity (GO: 0052548).
The main MF included voltage-gated calcium channel
activity (GO: 0005245), calcium channel activity (GO:
0005262), and gated channel activity (GO: 0022836). The
main CC included sarcolemma (GO: 0042383), voltage-
gated calcium channel complex (GO: 0005891), and ter-
tiary granule lumen (GO: 1904724) (Fig. 3A). To explore
the potential therapeutic pathways of DR-associated sig-
nificant druggable genes, KEGG analysis was performed.
The results indicated that the target genes were primar-
ily enriched in pathways such as adrenergic signaling in
cardiomyocytes (hsa04261), oxytocin signaling pathway
(hsa04921), and arrhythmogenic right ventricular cardio-
myopathy (hsa05412) (Fig. 3B).

PPI network construction

The PPI network was constructed using a minimum
required interaction score of 0.400 (low confidence).
Based on the interplay among 30 significant genes, the
PPI network was found (Fig. 4A). Using the MCODE
plugin in Cytoscape, two significant modules were iden-
tified within the PPI network based on their relative rel-
evance. The two modules identified using the MCODE
plugin are shown in Fig. 4B and included BINI, CDH2,
ACTNI, EPASI, CEBPA, and CTSD nodes; Fig. 4C shows
the CACNG6, CACNAIE, CACNA2D3, and RASGRP3
nodes.

Candidate drug prediction and colocalization analysis
We used DSigDB to predict potentially effective interven-
tion drugs and ranked the top 10 based on their adjusted
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p-values (Table 2). The results indicated that ethanol
and isoflupredone were the two most significant drugs
and were associated with CNR1, CDH2, CEBPA, GGH,
NMEI, BINI, SDC2, CPD, and BINI. To further explore
these associations, a gene-drug interaction network was
constructed, providing a comprehensive visualization of
the relationships between the significant genes and the
candidate drugs (Fig. 5). The results indicated that, of the
previously identified 30 significant genes from blood, one
gene had a PPH4 greater than 0.75 (Table 3).

Top predicted drugs: ethanol (targeting CNRI, BINI)
and isoflupredone (targeting SDC2, CPD). Edge thickness
reflects binding affinity strength.

PPHO-PPH4 represent the posterior probabilities of
different hypotheses, and PPH4 >0.75 was considered as
a significant colocalization result.

Molecular docking
This study employed molecular docking to evaluate the
binding affinities of drug candidates to their respective
targets and, consequently, to assess the druggability of
the target proteins. The CB-Dock2 platform (https://c
add.labshare.cn/cb-dock2/php/index.php) was used to
analyze the binding sites and interactions between the
top five candidate drugs and the proteins encoded by the
corresponding genes, generating the binding energy for
each interaction. The docking results yielded eight effec-
tive interactions between the drugs and proteins, with
the corresponding binding energies detailed in Table 4.
Figure 6 illustrates the docking amino acid residues and
hydrogen bond lengths for these interactions. Notably,
previous studies have identified C5 as exhibiting the low-
est binding energy (-5 kcal/mol), which signifies highly
stable binding interactions [30].

The lower the Binding energy, the better the binding
effect and the higher the affinity.

Discussion

This study identified 30 unique druggable genes signifi-
cantly associated with DR. Among these, genes such as
PRKABI and CNRI exhibited protective effects, indi-
cating a reduced risk of developing DR, whereas genes
like CACNAIE, NMEI, and CHRNA2 were associated
with an increased risk. These findings provide crucial
insights into the molecular mechanisms underlying DR
and highlight potential therapeutic targets. Functional
enrichment analysis revealed that these key genes are pri-
marily involved in biological processes such as the regu-
lation of calcium ion transmembrane transport, action
potential regulation, and endopeptidase activity regula-
tion. Furthermore, KEGG pathway analysis revealed that
these genes are enriched in pathways related to adren-
ergic signaling in cardiomyocytes, oxytocin signaling,
and arrhythmogenic right ventricular cardiomyopathy,


https://cadd.labshare.cn/cb-dock2/php/index.php
https://cadd.labshare.cn/cb-dock2/php/index.php

Xie et al. Diabetology & Metabolic Syndrome (2025) 17:145 Page 7 of 14

A

regulation of calcium ion transmembrane transport via high voltage—gated calcium channel
calcium ion transmembrane transport via high voltage—gated calcium channel

regulation of action potential 1

regulation of endopeptidase activity 4

calcium ion transmembrane transport+

regulation of peptidase activity 4

epithelial cell maturation A

regulation of heart rate 4

calcium ion transport-

regulation of monoatomic ion transmembrane transport

dg

sarcolemma

voltage-gated calcium channel complex+
tertiary granule lumen+

specific granule lumen

calcium channel complex+

ion channel complex

secretory granule lumen 4

cytoplasmic vesicle lumen

vesicle lumen

specific granule

pvalue

0.001

0.002

voltage-gated calcium channel activity -

calcium channel activity 4

gated channel activity 1

monoatomic ion gated channel activity
voltage—-gated monoatomic cation channel activity -
calcium ion transmembrane transporter activity -
monoatomic cation channel activity

cysteine—type peptidase activity

endopeptidase regulator activity 4

voltage—-gated monoatomic ion channel activity -

ElN]

N

o
-
N
w
D
[9)]

Count

Adrenergic signaling in cardiomyocytes
Mp%{

/

Oxytocin signaling pathway.

CHI%
size
® 20
CH2 e . 25

Arrhythmogenic right/ventricular cardiomyopathy ®
/ - 3.0

‘." = @
" !.‘g . 4.0
" b

(PRKAB1 rtrophic cardiomyopathy = categery

— A gic signaling in yocy

~ Amino sugar and nucleotide sugar metabolism
— Arrhy ic right ventri iomyop

CACNGS6 . ) 3 —— Hypertrophic cardiomyopathy
L Amino sugar and nucleotide sugar metabolism — | Oxytwcielgnaling paifiiay
CAMK2D CACNA2D3
® <
PPP2R5D

Fig. 3 The GO and KEGG enrichment analysis of the 30 genes from a cis-eQTL perspective in the MR analysis. (A) GO terms (BP: calcium transport; MF:
voltage-gated channel activity). (B) KEGG pathways (adrenergic signaling, oxytocin signaling). Pathways directly linked to DR vascular dysfunction and
inflammation

offering new perspectives for potential therapeutic inter-  studies, underscoring the potential genetic underpin-
ventions in DR. nings of this condition. Research reveals that specific

The relationship between gene polymorphism and gene polymorphisms are closely linked to the onset and
DR has been a subject of considerable interest in recent  progression of DR. For instance, polymorphisms in the
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Table 2 Candidate drug predicted by DsigDB

Drug name pvalue p.adjust genes ID Count
ethanol 1.62E-05 0.009073 CNR1/CDH2/CEBPA/GGH/NMET1/BIN1 6
isoflupredone 0.000262 0.03466 SDC2/CPD/BINT 3
GNF-Pf-2272 0.000329 0.03466 EPAS1/MPI/SENP7 3
Apomorphine hydrochloride 0.000366 0.03466 CNR1/GGH 2
Toxoflavin 0.000371 0.03466 EPAS1/MPI/SENP7 3
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Fig. 5 Gene-Drug Interaction Network
Table 3 Colocalization results of one significant gene from blood
ID Symbol PP.HO PP.H1 PP.H2 PP.H3 PP.H4
eqtl-a-ENSG00000170558 CDH2 0 0.100 0 0.047 0.852
Table 4 Molecular Docking results of available proteins and drugs
Target PDBID Drug PubChem ID Binding energy(kcal/mol)
CNR1 8WU1 Apomorphine hydrochloride 9410 -9.8
BIN1 5122 ethanol 702 -19.3
EPAST 8CK8 GNF-Pf-2272 460,747 -53
SENP7 7R2E GNF-Pf-2272 460,747 -59
BIN1 5122 isoflupredone 127,516 =741
SbC2 6ITH isoflupredone 127,516 -50.8
EPAST 8CK8 Toxoflavin 66,541 -5.0
SENP7 7R2E Toxoflavin 66,541 -59

erythropoietin gene have been associated with an ele-
vated risk of developing DR [31], whereas variations in
the tumor necrosis factor (TNF) gene are also implicated
in its pathogenesis [32]. These findings underscore the
importance of understanding the genetic background
of DR, potentially paving the way for the development

of targeted treatment strategies. In addition to gene
polymorphisms, gene expression analysis has identified
several genes that may play crucial roles in the patho-
physiology of DR. Notable examples include ARHGAP22,
ICAM-1, VCAM-1, eNOS, UCP2, and LEFI, whose
expression levels correlate with both the development



Xie et al. Diabetology & Metabolic Syndrome (2025) 17:145

A B

ethanol-BIN1

Apomorphine hydrochloride-CNR1

Page 10 of 14
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Fig. 6 Docking Analysis of Amino Acid Residues. (A) Ethanol binding to BINT (PDB:5122; energy = -19.3 kcal/mol). (B) Isoflupredone interaction with SDC2
(PDB:6ITH; energy = -50.8 kcal/mol). Hydrogen bonds (dashed lines) stabilize key residues

and prognosis of DR. These genes are involved in key
processes such as inflammatory responses, angiogenesis,
and intercellular signaling, suggesting their potential as
therapeutic targets [33]. The prospects of gene therapy
in the context of DR are also becoming increasingly rel-
evant. Advances in molecular diagnostic techniques have
sparked interest in gene therapy for DR. While treat-
ment strategies targeting specific gene mutations have
shown promise in other hereditary retinal diseases, the
application of gene editing technologies in DR remains
in its early stages. However, these approaches hold con-
siderable potential for enhancing patient outcomes [34].
Pharmacological interventions also play a vital role in
DR management. Agents such as aflibercept have dem-
onstrated protective effects, and innovative therapies,
including antioxidant and vascular-targeted treatments,
are under exploration. A deeper understanding of gene
expression and regulatory mechanisms is crucial for the
success of these therapeutic strategies [35]. Collectively,
these insights highlight the intricate interplay between
genetic factors and therapeutic interventions in the man-
agement of DR.

The PRKABI protein serves as the 1 subunit of AMP-
activated protein kinase (AMPK), a critical regulator of
energy metabolism [36]. In the context of DR, impaired
energy metabolism in retinal cells is a key pathogenic
mechanism. As a protective gene, PRKABI enhances
cellular energy metabolism and helps maintain intracel-
lular energy homeostasis by activating the AMPK signal-
ing pathway. This activation potentially alleviates retinal
cell damage and reduces the risk of developing DR [37].
Also, the CNR1 gene encodes the cannabinoid receptor
1 protein, which plays an essential role in regulating the
nervous system and inflammatory responses [38]. Retinal
neuronal dysfunction and inflammation are intricately
linked to the onset and progression of DR. Research
indicates that CNRI may confer neuroprotective effects
by activating cannabinoid receptor 1, thereby mitigating
damage to retinal neurons, suppressing inflammatory
responses, and decreasing the production of inflamma-
tory mediators, ultimately reducing the risk of DR [39].
In contrast, CACNAIE encodes the al subunit of L-type
calcium channels, crucial for heart muscle function and
brain signaling [40]. In DR, abnormal retinal blood vessel
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contractions contribute to vascular complications. Dys-
regulated expression of CACNAIE may disrupt calcium
channel function, exacerbating vascular irregularities
and increasing the risk of DR [41]. A prior study identi-
fied cadherin-2 (CDH2) as a crucial regulator in DR,
highlighting its significant role in the modulation of reti-
nal vascular dysfunction and neuroretinal degeneration,
thereby offering novel insights into the pathogenesis
and therapeutic targeting of DR [42]. Several key path-
ways are also implicated in the pathogenesis of DR. For
instance, the adrenergic signaling pathway (hsa04261)
is closely associated with cardiovascular diseases and
may influence DR [43]. Dysfunction in this pathway can
impair cardiac function, disrupt circulation, and reduce
retinal blood supply, thereby exacerbating DR [44, 45].
The oxytocin signaling pathway (hsa04921), known for
its role in reproduction, cardiovascular regulation, and
energy metabolism, is another relevant pathway [46]. Dis-
ruptions in this pathway may impair retinal blood flow
and metabolism, promoting the progression of DR [47].
In addition, arrhythmogenic right ventricular cardiomy-
opathy (hsa05412) involves replacing heart muscle cells
with fat and fibrous tissue, leading to arrhythmias [48].
Patients with DR often experience arrhythmias, poten-
tially linked to the severity of their condition. Abnormali-
ties in this pathway can alter the electrical properties of
cardiac cells, affecting systemic circulation and worsen-
ing DR outcomes [49].

Research on pharmacological interventions for DR
has been extensive, with numerous agents investigated
for their potential therapeutic effects [50]. For instance,
previous studies have identified BGP-15 as a promising
candidate due to its ability to increase the expression of
heat shock protein 70 and reduce levels of nuclear fac-
tor kappa B. These mechanisms help alleviate oxida-
tive stress and inflammatory responses, suggesting that
BGP-15 could serve as a future therapeutic agent for
DR [51]. In our study, ethanol was identified as a poten-
tial therapeutic agent for DR, with effects likely medi-
ated through multiple mechanisms. Ethanol may exhibit
neuroprotective properties by modulating neurotrans-
mitter release and neural signal transmission, thereby
mitigating damage to retinal neurons and potentially
slowing the progression of DR [52]. Furthermore, Etha-
nol Extract of Chinese Propolis demonstrates significant
protective effects against early diabetic retinopathy by
safeguarding the blood-retinal barrier, offering a prom-
ising therapeutic avenue for managing DR [53]. Besides,
Ethanol extracts from Chinese propolis and Osteomeles
schwerinae show promise as new treatments for early
DR by reducing oxidative stress, maintaining blood-
retinal barrier integrity, and preventing cell death [54].
Also, the ethanol extract of Zingiber zerumbet rhizomes
may serve as a natural treatment for diabetic retinopathy
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by balancing angiogenesis (lowering VEGF and raising
PEDF levels) and blocking inflammatory pathways like
NEF-kB and ERK1/2 [55]. Ethanol’s toxicity limits its clini-
cal use, but our findings highlight the potential of tar-
geting its molecular interactors like CNRI and BIN1 for
therapy. Future research should focus on ethanol deriva-
tives or receptor-specific agonists to utilize its benefits
without side effects. Moreover, epidemiological studies
are needed to explore the link between moderate alcohol
consumption and diabetic retinopathy severity. Addition-
ally, isoflupredone, an antagonist of the glucocorticoid
receptor, may counteract the excessive activation of glu-
cocorticoids, a process implicated in the pathogenesis of
DR. Increased glucocorticoid activity in DR can exacer-
bate inflammatory responses and increase cellular death.
By antagonizing the glucocorticoid receptor, isoflupre-
done may reduce these inflammatory reactions and cel-
lular damage, highlighting its therapeutic potential in the
management of DR [56].

This study offers several notable advantages. First, it is
the pioneering study to utilize MR for identifying drug
targets associated with DR, leveraging data from the
most extensive publicly accessible DR risk GWAS to date.
Additionally, the incorporation of colocalization analysis
significantly enhances the robustness of the findings by
minimizing the likelihood of false positives and false neg-
atives. The enrichment analysis and PPI network analysis
shed light on the functional characteristics and regula-
tory relationships of the identified target genes, offering
valuable insights into potential therapeutic pathways for
DR drug development. Drug prediction results under-
score the therapeutic promise of these target genes, while
the high binding activity observed in molecular docking
further supports their potential as viable drug targets.
Collectively, these findings provide compelling evidence
for advancing drug discovery efforts in DR.

This study also has several notable limitations. First,
the number of eQTL IVs used in the MR analysis is
limited, with most analyses relying on fewer than three
SNPs. This limitation reduces the robustness and cred-
ibility of the MR findings. The findings from MR analy-
ses indicate a potential causal relationship between
gene expression and DR; however, they do not confirm
the reversibility of gene regulation or its suitability for
pharmacological interventions, such as epigenetic modi-
fications. MR primarily identifies targets for hypoth-
esis generation, necessitating subsequent experimental
validation to facilitate clinical translation. Additionally,
while blood eQTLs provide a genome-wide perspec-
tive, tissue-specific regulatory mechanisms in the retina
may influence the causal role of certain genes. the use of
blood eQTLs for MR testing poses challenges in identify-
ing the most relevant tissue for treatment. Different tis-
sues may exhibit distinct genetic regulatory mechanisms,
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and the exclusive reliance on blood eQTLs may not pro-
vide a comprehensive understanding of the disease or
its potential treatments. Integrating colocalization and
pathway enrichment addressed this limitation by high-
lighting cross-tissue conserved targets. Future research
using multi-tissue eQTLs and spatial transcriptomics will
enhance these results. Consequently, the MR findings
may not fully reflect the effect sizes observed in clinical
settings or accurately predict the impacts of therapeutic
interventions. Further experimental validation and clini-
cal trials are essential to confirm the therapeutic potential
of the identified targets. While the FinnGen R11 GWAS
dataset represented the most comprehensive resource
available during our study period, we acknowledge the
necessity of integrating more recent releases (e.g., R12)
to encompass a broader spectrum of genetic variants.
Notably, our colocalization methodology (PPH4>0.75)
effectively mitigates cohort-specific biases in the priori-
tization of targets. Collaborative initiatives aimed at har-
monizing multi-ancestry GWAS data will be essential for
enhancing the translational potential of these findings.

Conclusions

This study employed MR and colocalization analysis to
identify 30 potential drug targets for DR. These find-
ings offer promising avenues for the development of
more effective treatments for DR, potentially reducing
the costs associated with drug development. The study
makes a valuable contribution to the field by emphasizing
the significance of these druggable genes in the patho-
genesis of DR. However, further clinical trials focusing on
drugs targeting these genes are essential to validate their
therapeutic potential.
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