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Abstract
Background  Diabetic retinopathy (DR), a microvascular complication of diabetes mellitus (DM), represents the 
predominant cause of preventable vision loss in working-age populations globally. While the pathophysiological 
mechanisms underlying DR progression remain incompletely understood, our study employs comprehensive 
proteomic profiling of aqueous humor (AH) to identify stage-specific biomarkers and therapeutic targets in type 2 
diabetes mellitus (T2DM) patients across DR progression.

Methods  Utilizing data-independent acquisition (DIA) mass spectrometry, we quantified AH proteomes in a 
discovery cohort comprising 24 subjects: 18 T2DM patients stratified by DR severity [6 non-DR, 6 non-proliferative 
DR (NPDR), 6 proliferative DR (PDR)] and 6 cataract controls without diabetes (non-DM). Validation cohort analysis 
(including 10 AH samples in each group) was performed using parallel reaction monitoring (PRM) strategy for 
verification of target proteins. Comprehensive bioinformatics analyses included gene set enrichment analysis (GSEA), 
weighted gene co-expression network analysis (WGCNA), Kyoto encyclopedia of genes and genomes (KEGG) 
enrichment analysis, protein-protein interaction (PPI) network construction, receiver operating characteristic (ROC) 
curve analysis, and ConnectivityMap (Cmap)-based drug prediction.

Results  Proteomic profiling identified 739 quantifiable AH proteins (62% extracellular) with clear separation among 
the four clinical stages in the discovery cohort. GSEA uncovered altered expression of proteins mainly related to 
complement and coagulation cascades, folate metabolism, and the selenium micronutrient network in patients 
with DR. WGCNA-derived protein modules yielded 83 PRM-validated targets, including 5 hub proteins differentiating 
NPDR from non-DR and 33 hub proteins showed significant upregulation in PDR versus NPDR comparison. Clinical 
correlation analysis identified F2, FGG, FGB, RBP4, AMBP, VTN, C8A, CPB2, and C2 associated with clinical traits. C6, 
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Background
Diabetes mellitus (DM) is a prevalent and rapidly grow-
ing global health issue, leading to severe complications 
and substantial healthcare expenses [1]. The 10th edition 
of the International Diabetes Federation (IDF) Diabetes 
Atlas estimates that the global diabetes prevalence in 
20–79-year-olds in 2021 is 10.5% (536.6 million people), 
and will rise to 12.2% (783.2 million) in 2045 [2]. Diabetic 
retinopathy (DR), the most common and specific compli-
cation of DM, is the leading cause of preventable blind-
ness in working adults worldwide [3]. The Global Burden 
of Disease Study identified DR as the fifth leading cause 
of blindness and moderate to severe vision impairment 
in individuals over 50 years of age [4]. Based on clinical 
findings, DR is categorized into no apparent retinopathy 
(non-DR), non-proliferative DR (NPDR), and prolifera-
tive DR (PDR) [5]. PDR, representing advanced stage of 
DR, can lead to irreversible visual impairment and blind-
ness without treatment.

Accumulating evidence confirms that the pathogenesis 
of DR is multifactorial, involving oxidative stress, endo-
thelial dysfunction, and inflammatory responses [6–8]. 
However, the underlying mechanisms and effective inter-
ventions remain unclear. Proteomic analysis, focusing 
on proteins as key disease effectors and drug targets, is 
instrumental in understanding disease-related protein 
functions. Consequently, several studies have attempted 
to identify potential biomarkers in various ocular fluids 
like vitreous humor (VH) [9, 10], aqueous humor (AH) 
[11, 12], or tear film [13], to elucidate the pathogenesis 
and explore therapeutic targets for DR. However, the 
findings from these studies have been inconsistent and 
often difficult to compare, potentially due to using dif-
ferent sample types, instrumentation, and analytical 
methodologies.

VH is commonly considered the priority sample to 
explore proteomic changes in DR because it is more 
closely related to retina than AH and tear film. How-
ever, VH proteomic analysis in clinical practice presents 
several challenges, including difficulty in sample collec-
tion, potential interference of vitreous hemorrhage, and 
limited availability of control samples. The AH plays a 
crucial role in various ocular pathophysiological pro-
cesses. Despite the low concentration of proteins in AH 

compared to that of those in blood serum and VH, AH 
offers many advantages including a more accurate reflec-
tion of the ocular condition than blood serum, easier 
accessibility than VH, and greater stability than the tear 
film. A previous study reported that most proteins found 
in the VH were also observed in the AH of patients with 
PDR [14]. The abnormally expressed protein profiles 
in the AH from patients with DR may result from the 
leakage of proteins from the damaged retina and reti-
nal blood vessels to the aqueous solution. Additionally, 
retinal proteins can leak into the cilia-retina circulation 
through disturbed blood-retinal and blood-aqueous bar-
riers [15]. Therefore, AH may be a more suitable intra-
ocular fluid for proteomic analysis. Its proteome profile 
not only represents the pathophysiological environment 
of the retina but can also be used to explore biomarkers 
for eye diseases.

In this study, we conducted a quantitative analysis of 
the AH proteome in patients with type 2 diabetes melli-
tus (T2DM) progressing from non-DR to PDR using mass 
spectrometry in data-independent acquisition (DIA) 
mode. Additionally, we identified differentially expressed 
proteins (DEPs) in patients with different stages of DR 
using a parallel reaction monitoring (PRM) strategy in an 
independent cohort. Through comprehensive proteomic 
data analysis, we aimed to elucidate potential mecha-
nisms, identify biomarkers, and explore targets for DR.

Methods
Participants
All participants underwent comprehensive ophthalmic 
examinations at the Guangdong Provincial People’s Hos-
pital. According to the diabetic retinopathy disease sever-
ity scale and international diabetic retinopathy severity 
scale, patients with T2DM were classified into non-DR, 
NPDR, or PDR [5]. The inclusion criteria were as follows: 
(1) senile cataract patients without DM scheduled for 
phacoemulsification and intraocular lens implantation; 
(2) senile cataract patients with T2DM scheduled for 
phacoemulsification and intraocular lens implantation; 
(3) T2DM patients with DR scheduled for anti-vascular 
endothelial growth factor (VEGF) intravitreal injec-
tion. Exclusion criteria included the coexistence of other 
main ocular diseases, history of ophthalmic intervention 

FAM3C, SPP1, and JCHAIN levels were altered post-anti-VEGF treatment. Pharmacological prediction identified 
potential therapeutic compounds, including perindopril, triciribine, and XAV-939 for NPDR, and topiramate, triciribine, 
and vecuronium for PDR.

Conclusion  This study established a comprehensive AH proteomic signature of DR progression, offering insights into 
the pathogenesis of DR and highlighting potential biomarkers and novel therapeutic targets.

Keywords  Diabetic retinopathy, Aqueous humor, Proteomics, Data-independent acquisition, Parallel reaction 
monitoring
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procedures (e.g., laser photocoagulation, anti-VEGF 
intravitreal injection, vitrectomy, cataract extraction), 
autoimmune diseases, malignant tumors, severe liver dis-
ease, or pregnancy. In the discovery cohort, 18 patients 
with T2DM including 6 without DR (non-DR group), 6 
with NPDR (NPDR group), and 6 with PDR (PDR group); 
and 6 senile cataract patients without T2DM (non-DM 
group) were recruited for DIA analysis. In the valida-
tion cohort, 10 patients were enrolled in each of the four 
groups, and the key proteins selected from the DIA anal-
ysis were validated using the PRM approach. In addition, 
10 AH samples from the PDR group after intravitreal 
anti-VEGF treatment (Conbercept, Kanghong Biotech-
nologies, Chengdu, China; PV group) were also collected 
during the pars plana vitrectomy surgery. Each AH sam-
ple (100–200 µL) was harvested from the anterior cham-
ber during microscope-assisted surgery using a sterile 1 
mL insulin injection syringe and needle, and immediately 
kept in storage at − 80 °C for subsequent analysis.

The clinical data, including age, gender, diabetes dura-
tion, body mass index (BMI), blood pressure, laboratory 
tests for hemoglobin A1c (HbA1c), serum total choles-
terol (TC), triglycerides (TG), high-density lipoprotein 
cholesterol (HDL-C), low-density lipoprotein choles-
terol (LDL-C), lipoprotein a, apolipoprotein (APO) A1, 
APOB100, serum creatinine, estimated glomerular fil-
trate rate (eGFR), international normalized ratio (INR), 
prothrombin activity (PT-A), prothrombin time (PT), 
activated partial thromboplastin time (APTT), fibrino-
gen (FIB), and thrombin time (TT) within one week of 
ophthalmic examinations were recorded. Demographic 
and clinical characteristics of the enrolled patients are 
summarized in Tables S1 and S2. Data are expressed as 
mean ± standard deviation (SD). Fisher’s exact test and 
the Kruskal–Wallis H test were used to compare dif-
ferences in clinical data using the R package TableOne 
(version 0.13.2) [16]. A p-value of < 0.05 was considered 
significant.

Data-dependent acquisition (DDA) library generation and 
mass spectrometry (MS) assay for DDA and DIA
AH samples were treated on ice using a high-intensity 
ultrasonic processor (Qsonica, Newtown, USA). Then 
samples from the discovery cohort were quantitatively 
examined using an MS assay for DIA. The most abundant 
proteins in the AH pools were separated on a Human 14 
Multiple Affinity Removal System Column (Agilent Tech-
nologies, California, USA). High- and low-abundance 
proteins were collected, desalted, and concentrated 
using a 5  kDa ultrafiltration tube (Sartorius, Gottingen, 
Germany). SDT buffer (4% SDS, 100 mM Tris-HCl, pH 
7.6) was added, boiled for 15  min, and centrifuged at 
14,000 g at 4  °C for 20 min. The supernatant was quan-
tified using the BCA Protein Assay Kit according to the 

manufacturer’s instructions (Bio-Rad, Hercules, Califor-
nia, USA).

Proteins were digested using a filter-aided sample 
preparation technique. Briefly, 200  µg protein extracts 
were put into an ultrafiltration tube. Low-molecular-
weight components were removed using UA buffer (8 M 
urea in 100 mM Tris-HCl, pH 8.5) via repeated ultrafil-
tration. Then 100 µL of 11 mM iodoacetamide (I6125, 
Sigma-Aldrich, Saint Louis, USA) was added to block 
reduced cysteine residues and the samples were incu-
bated for 30  min in darkness. The filters were washed 
thrice with UA buffer and then with 50 mM NH4HCO3 
buffer (A6141, Sigma-Aldrich, Saint Louis, USA) twice. 
Finally, the protein suspensions were digested with 
trypsin (V5111, Promega, Madison, USA) at 1:50 tryp-
sin-to‐protein mass ratio overnight at 37  °C and 1:100 
trypsin‐to‐protein mass ratio for a second 4  h diges-
tion. The resulting peptides were collected as a filtrate, 
desalted on C18 cartridges (Thermo Fisher Scientific, 
Waltham, USA), concentrated using vacuum centrifuga-
tion, and reconstituted in 40 µL 0.1% formic acid (F0507, 
Sigma-Aldrich, Saint Louis, USA).

For DDA-MS analysis, all fraction samples were ana-
lyzed by TlMSTOF mass spectrometer (Bruker, Mas-
sachusetts, USA) connected to Evosep One system 
liquid chromatography (Evosep, Odense, Denmark). The 
MS was operated in a DDA mode for the ion mobility-
enhanced spectral library generation. We set the accu-
mulation and ramp time 100 ms each and recorded mass 
spectra in the range from m/z 100–1700 in positive elec-
trospray mode, dynamic exclusion of 24.0s. lon source 
Voltage was set at 1500  V, temperature at 180℃, and 
dry gas at 3  L/min. The ion mobility was scanned from 
0.75 to 1.35 Vs/cm2, then 8 cycles were performed with a 
1.17 s duty cycle time using Parallel Accumulation-SErial 
Fragmentation (PASEF) MS/MS.

For DIA-MS analysis, the digested individual AH pro-
tein samples were analyzed by the same mass spectrom-
eter and liquid chromatography as used in the DDA-MS 
analysis in the DIA mode. The mass spectrometer col-
lected ion mobility MS spectra over a mass range of m/z 
100–1700. We defined up to 4 windows for single 100 
ms TlMS scans according to the m/z-ion mobility plane. 
During PASEF MS/MS scanning, the collision energy was 
ramped linearly as a function of the mobility from 20 eV 
at 1/K0 = 0.85 Vs/cm2 to 59 eV at 1/K0 = 1.30 Vs/cm2.

MS data analysis
For DDA library data, the FASTA sequence data-
base was searched using the Spectronaut™ (version 
14.4.200727.47784, http://www.biognosys.com/) against 
the Uniprot human database (Homo_sapiens_9606_
SP_20 230 103,” containing 20389 protein sequences), 
with trypsin specificity allowing one missed cleavage. 

http://www.biognosys.com/
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Carbamidomethylation (C) was set as a fixed modifi-
cation, while oxidation (M) and acetylation (protein 
N-term) were set as dynamic modifications. A decoy 
database was introduced to calculate the FDR resulting 
from random matches. All reported data were based on 
99% confidence for protein identification as determined 
by false discovery rate (FDR) < 1%.

The DIA data in the spectral library were analyzed 
using the Spectronaut™ (version 14.4.200727.47784). The 
main software parameters were as follows: retention time 
prediction type, dynamic iRT; interference with MS2 
level correction, enabled; and cross-run normalization, 
enabled. The proteins in each sample were identified 
using peptide spectrum matching. All peptide and pro-
tein results were filtered based on a Q-value cutoff of 0.01 
(equivalent to FDR < 1%).

Protein identification based on DIA mode
Proteins with quantitative data from more than 50% of 
the samples in each group were selected for further anal-
ysis. The cellular localization of each protein was evalu-
ated using the DeepTMHMM server (​h​t​t​p​​s​:​/​​/​s​e​r​​v​i​​c​e​s​​.​
h​e​​a​l​t​h​​t​e​​c​h​.​​d​t​u​​.​d​k​/​​s​e​​r​v​i​​c​e​s​​/​D​e​e​​p​T​​M​H​M​M​-​1​.​0​/), a tool 
that predicts the transmembrane helices and the cel-
lular localization of proteins based on their amino acid 
sequences. The predictions were further validated to 
ensure consistency with known protein localization data. 
To identify proteins associated with extracellular vesicles 
(EVs), the identified proteins were cross-referenced with 
the Vesiclepedia database, which is a comprehensive 
resource of proteins associated with EVs. The comparison 
was performed using the FunRich tool ​(​​​h​t​t​p​s​:​/​/​f​u​n​r​i​c​h​.​o​
r​g​/​​​​​) [17], which integrates various functional enrichment 
analyses. A Venn plot was used to show the overlapping 
proteins among the four groups. Three-dimensional 
principal component analysis (PCA) was performed 
and plotted using the R packages ropls (version 1.14.1) 
and scatterplot3d (version 0.3–41). Proteins with a fold 
change above 1.5 and a p-value less than 0.05 (Student’s 
t-test) were considered differential proteins between the 
two groups. Statistical analyses were performed using 
SPSS (version 24.0; SPSS Inc., Chicago, IL, USA).

Gene set enrichment analysis (GSEA)
GSEA was performed using the GSEA software v3.1.0 (​w​
w​w​.​b​r​o​a​d​i​n​s​t​i​t​u​t​e​.​o​r​g​/​g​s​e​a​/​i​n​d​e​x​.​j​s​p) against the canoni-
cal pathways downloaded from the MSigDB database (​h​
t​t​p​​s​:​/​​/​w​w​w​​.​g​​s​e​a​​-​m​s​​i​g​d​b​​.​o​​r​g​/​​g​s​e​​a​/​m​s​​i​g​​d​b​/​​h​u​m​​a​n​/​g​​e​n​​e​
s​e​​t​s​.​​j​s​p​?​​c​o​​l​l​e​c​t​i​o​n​=​C​P) [18]. Gene sets with p-value less 
than 0.05 were considered significantly enriched. The 
visual representation of GSEA was generated using the R 
package GseaVis (version 0.1.0; ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​j​u​n​j​​u​
n​​l​a​b​/​G​s​e​a​V​i​s).

Weighted gene co-expression network analysis (WGCNA) 
and determination of the candidate proteins for PRM 
validation
The R package WGCNA (Version 1.68) was employed 
to cluster proteins with similar expression profiles and 
explore their association with clinical traits. The co-
expression network was constructed through the follow-
ing steps: (1) A hierarchical clustering analysis based on 
protein expression data was performed to exclude outli-
ers. (2) A β value was selected as the weighting coefficient 
to build the adjacency matrix and a subsequent scale-free 
network. Next, the samples were clustered using the hier-
archical clustering method and co-expressed modules 
were constructed using a dynamic tree-cutting algorithm. 
Core modules were screened based on an absolute corre-
lation coefficient greater than 0.5 and a p-value less than 
0.01. Modules with stronger correlations to clinical traits 
were further prioritized for downstream analysis.

Candidate proteins for PRM validation were identified 
through a two-step process: (1) Pearson correlation coef-
ficients between module eigengenes and clinical traits 
were measured and modules significantly related to clini-
cal traits (p < 0.05) were subjected to Kyoto encyclopedia 
of genes and genomes (KEGG) pathway enrichment anal-
ysis using the R package ClusterProfiler (version 4.10.1); 
(2) Pearson correlation coefficients (gene significance, 
GS) between protein expression levels and clinical traits, 
and module membership (MM) between protein expres-
sion levels and module eigengenes were calculated [19]. 
Candidate proteins in the modules positively correlated 
with clinical traits were filtered using GS values > 0.5 and 
MM values > 0.7, while those in negatively correlated 
modules were filtered with GS values < − 0.5 and MM 
values > 0.7.

PRM validation
AH samples from the validation cohort were quantita-
tively examined by LC-PRMMS analysis [20] to verify the 
expression levels of candidate proteins obtained by the 
DIA approach. Peptides were prepared following the DIA 
protocol and tryptic peptides were loaded onto C18 stage 
tips (5 μm particles, 4.6 mm ID, and 250 mm length) for 
desalting before reversed-phase chromatography on an 
Easy nLC-1200 system (Thermo Scientific, Massachu-
setts, USA). One hour liquid chromatography gradients 
with acetonitrile concentrations ranging from 5 to 30% 
in 45 min were used. PRM analysis was performed on a 
Q Exactive HF-X mass spectrometer (Thermo Scientific) 
with the following parameters: a full MS1 scan acquired 
with a resolution of 60,000 (at 300  m/z), AGC target 
3.0 × 10− 6, and maximum ion injection time 200 ms. This 
was followed by 20 PRM scans at 30,000 resolution (at 
200 m/z), AGC 3.0 × 10− 6, and a maximum injection time 
of 100 ms. Data were searched against Uniprot human 

https://services.healthtech.dtu.dk/services/DeepTMHMM-1.0/
https://services.healthtech.dtu.dk/services/DeepTMHMM-1.0/
https://funrich.org/
https://funrich.org/
http://www.broadinstitute.org/gsea/index.jsp
http://www.broadinstitute.org/gsea/index.jsp
https://www.gsea-msigdb.org/gsea/msigdb/human/genesets.jsp?collection=CP
https://www.gsea-msigdb.org/gsea/msigdb/human/genesets.jsp?collection=CP
https://www.gsea-msigdb.org/gsea/msigdb/human/genesets.jsp?collection=CP
https://github.com/junjunlab/GseaVis
https://github.com/junjunlab/GseaVis
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Fig. 1 (See legend on next page.)
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database (Homo_sapiens_9606_SP_20 230 103.fasta) and 
analyzed using the Skyline protocol (MacCoss Lab, Uni-
versity of Washington) [21]. 

Proteins with a fold change above 1.5 and a p-value 
less than 0.05 in PRM were identified as differentially 
expressed proteins (DEPs). WikiPathways enrichment 
analysis for DEPs was performed using the R pack-
age ClusterProfiler (version 4.10.1). Pathways with a 
p-value < 0.05 were considered significantly enriched. 
A protein-protein interaction (PPI) network was con-
structed to examine the interrelations of the identified 
DEPs. The network was built using STRING DB (version 
11) and visualized with Cytoscape (version 3.6.1). The 
interaction degree of each DEP was calculated to assess 
its significance within the network. Receiver operating 
characteristic (ROC) curve analysis was employed to 
evaluate the potential of DEPs to differentiate between 
various stages of DR using R Software 4.1.3. The area 
under curve (AUC) with a 95% confidence interval (CI) 
was calculated, and DEPs with AUC values of 0.7 or 
higher were considered hub proteins. Pearson correla-
tion analysis was performed to assess the relationship 
between hub proteins and clinical data (including age, 
DM duration, BMI, and laboratory test indicators). In 
addition, a paired sample t-test was conducted using 
SPSS version 24.0 (SPSS, Inc., Chicago, IL, USA) to com-
pare changes in DEPs between PDR and PV groups fol-
lowing anti-VEGF treatment.

ConnectivityMap (CMap)-based drug prediction
The CMap database (https://clue.io/) was employed to 
identify compounds that produce signatures opposite to 
those induced by NPDR vs. non-DM and PDR vs. non-
DM [22]. Upregulated proteins between NPDR and non-
DM, as well as between PDR and non-DM were used for 
analysis. The parameters used included gene expression 
(L1000), the touchstone reference dataset, individual 
query, and version 1.0. A list of compounds was gener-
ated, ordered by their similarity to the input signature, 
with scores ranging from −100 to 100. A negative score 
indicated an opposing effect between the compound 
and the input signature. The top fifteen compounds 
with a score < −99 and known mechanism of action were 
retained for further analysis.

Results
AH spectral library generation and protein identification 
by DIA
In this study, the library was constructed by DDA-MS 
analysis, including all spectrums of non-DM, non-DR, 
NPDR, and PDR groups (Fig.  1A). A total of 5800 pep-
tides and 795 proteins were obtained by DIA-MS analy-
sis. From these, 739 proteins having quantitative data 
in over 50% of samples from each group were used for 
further analysis (Fig. 1B-C, Table S3). Of these 739 pro-
teins, 456 (62%) were extracellular, 156 (21%) intracel-
lular, and 127 (17%) transmembrane proteins (Fig. S1). 
Additionally, among the 283 intracellular and trans-
membrane proteins, 237 (84%) were classified as vesicle 
proteins (Table S3). The non-DM, non-DR, NPDR, and 
PDR groups contained 665, 635, 664, and 651 proteins, 
respectively, with 560 proteins common to all groups 
(Fig. 1D). Three-dimensional PCA analysis of AH protein 
expression profiles demonstrated clear separation among 
the four clinical stages, indicating overall heterogeneity 
(Fig. 1E).

Differential proteomic analysis among the four groups 
identified 244 differential proteins (82 upregulated, 162 
downregulated) in DR vs. non-DR, 104 (42 upregulated, 
62 downregulated) in NPDR vs. non-DR, 124 (35 upreg-
ulated, 89 downregulated) in PDR vs. NPDR, and 23 (7 
upregulated, 16 downregulated) in non-DR vs. non-DM 
(Fig. S2).

Protein enrichment analysis
Next, we performed GSEA to investigate the molecular 
mechanisms at various stages of DR. Compared to the 
non-DR group, the upregulated differential proteins in 
the DR group exhibited significant enrichment in folate 
metabolism, selenium micronutrient network, comple-
ment and coagulation cascades, and transport of small 
molecules pathways, while the downregulated differential 
proteins were enriched in the metabolism of carbohy-
drates and lysosome pathways. Similar protein-enriched 
pathways were noted in the PDR vs. NPDR comparison. 
However, in the NPDR vs. non-DR comparison, upregu-
lated pathways included binding and uptake of ligands 
by scavenger receptors instead of the transport of small 
molecules, while downregulated pathways involved Rho 
Gtpase effectors and membrane trafficking. Moreover, 
compared to the non-DR group, the differential proteins 
of AH, were enriched in signaling by Wnt, Rho Gtpase 

(See figure on previous page.)
Fig. 1  Workflow of the study and protein identification in aqueous humor using DIA mode. (A) Overview of the study workflow. (B) Number of unique 
peptides examined in each sample. (C) Number of proteins identified in each sample. (D) Venn diagram showing unique proteins in aqueous humor from 
non-DM, non-DR, NPDR, and PDR groups. (E) PCA plots of non-DM, non-DR, NPDR, and PDR groups based on DIA analysis in the discovery cohort. DIA: 
data-independent acquisition; DM: diabetes mellitus; DR: diabetic retinopathy; NPDR: non-proliferative diabetic retinopathy; PDR: proliferative diabetic 
retinopathy; PCA: principal component analysis

https://clue.io/
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effectors and cell cycle pathways, which showed a mark-
edly decreasing trend in the non-DM group (Fig. 2).

Protein co-expression modules
WGCNA analysis was conducted to identify the core 
modules and key proteins whose expression was closely 
associated with the clinical traits. Five protein co-expres-
sion modules were identified: turquoise (237 proteins), 
blue (202 proteins), brown (65 proteins), grey (74 pro-
teins), and yellow (43 proteins). The turquoise, brown, 
and blue modules were core modules (Table S4, Fig. S3). 
The turquoise module correlated positively with PDR 
(cor = 0.72, p = 8e-05), with proteins enriched in comple-
ment and coagulation cascades, glycolysis/gluconeogen-
esis, and cholesterol metabolism (Fig.  3A-D). The blue 
(cor = − 0.78, p = 8e-06) with proteins enriched in the 
lysosome and cell adhesion molecule and brown mod-
ules (cor = − 0.66, p = 4e-04) with proteins enriched in 

estrogen signaling pathways and pathways of neurode-
generation-multiple diseases correlated negatively with 
PDR. Candidate proteins identified based on GS and MM 
values were 76, 100, and 31 for the turquoise, blue, and 
brown modules, respectively (Fig. 3E-G).

Analysis of DEP characteristics by PRM validation
Based on their potential biological relevance to DR and 
combined with fold change analysis, 96 proteins were 
further selected from the candidate proteins identified by 
WGCNA for PRM validation in an independent cohort. 
PRM analysis confirmed 83 proteins (51 in turquoise, 30 
in blue, and 2 in brown) in the validation cohort (Table 
S5). Seven DEPs were detected in the NPDR vs. non-DR 
groups, with five (F2, KLKB1, FGG, APCS, and FGB) 
having AUC values above 0.7 (Table 1, Table S6, Fig. 4A, 
Fig. S4A). KEGG analysis indicated these DEPs were 
enriched in complement and coagulation cascades, folate 

Fig. 2  Key enriched pathways in DR vs. non-DR (A), NPDR vs. non-DR (B), PDR vs. NPDR (C) and non-DR vs. non-DM (D) using GSEA. DM: diabetes mel-
litus; DR: diabetic retinopathy; NPDR: non-proliferative diabetic retinopathy; PDR: proliferative diabetic retinopathy; GSEA: gene set enrichment analysis
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metabolism, selenium micronutrient network, VEGFA 
VEGFR2 signaling, and vitamin B12 metabolism. PPI 
analysis revealed interactions among the five hub pro-
teins (Fig. 4B,C, Table S7).

Thirty-three DEPs (all with AUC > 0.7) were signifi-
cantly upregulated in the PDR vs. NPDR groups were 
corroborated in the validation cohort using PRM (Table 
S6). The top 10 hub proteins were C8A, RBP4, CPB2, 

VTN, AMBP, C2, PLG, AFM, C6, and F2 (Table  1; 
Fig.  4D, Fig. S4B). These DEPs were mainly enriched in 
complement and coagulation cascades, allograft rejec-
tion, cells and molecules involved in local acute inflam-
matory response, angiotensin II receptor type 1 pathway, 
and vitamin B12 metabolism. PPI ranked by degree iden-
tified F2, C3, PLG, AMBP, and VTN as the core proteins 
(Fig. 4E,F, Table S7).

Fig. 3  Identification of clinically significant protein modules by weighted correlation network analysis. (A) Module-trait correlation plot based on module 
eigengenes, where red and blue represent positive and negative correlations, respectively. Values in each grid represent the correlation coefficient and 
corresponding p-value in parentheses between modules and clinical traits. (B–D) KEGG analysis of the turquoise (B), blue (C), and brown (D) modules. (E) 
Venn diagram showing proteins with GS (PDR) > 0.5 and MM > 0.7 in the turquoise module. (F, G) Venn diagram showing proteins with GS (PDR) < − 0.5 
and MM > 0.7 in the (F) blue and (G) brown modules. WGCNA: weighted correlation network analysis; KEGG: Kyoto Encyclopedia of Genes and Genomes; 
GS: gene significance; MM: module membership
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Correlation analysis between deps and clinical traits
Next, we analyzed the relationship between the hub 
proteins and clinical data. Among the five hub proteins 
of the NPDR vs. non-DR groups, F2 and FGG were sig-
nificantly correlated with HbA1c (F2: R = 0.68, p = 0.030; 
FGG: R = 0.74, p = 0.014), INR (F2: R = 0.72, p = 0.019; 
FGG: R = 0.69, p = 0.027), PT (F2: R = 0.77, p = 0.009; FGG: 
R = 0.74, p = 0.015), and TT (F2: R = 0.71, p = 0.023; FGG: 
R = 0.73, p = 0.017). In addition, F2 also had a negative 
correlation with PT-A (R = − 0.67, p = 0.036), and FGB 
was positively associated with PT (R = 0.68, p = 0.031) 
(Fig. 5A). No association was found between APCS and 
KLKBI and the clinical data.

In the PDR vs. NPDR groups, 6 of the top 10 hub pro-
teins (RBP4, AMBP, VTN, C8A, CPB2, and C2) were 
associated with clinical traits (Fig.  5B). RBP4 showed 
a positive correlation with lipoprotein a (R = 0.68, 
p = 0.030). AMBP was negatively correlated with eGFR 
(R = − 0.69, p = 0.041), and positively correlated with FIB 
(R = 0.65, p = 0.040). VTN also showed a positive corre-
lation with FIB (R = 0.64, p = 0.044). C8A, CPB2, and C2 
were closely related to coagulation indices APTT, INR, 
PT, and PT-A.

Protein characteristics before and after anti-VEGF 
treatment
To explore the response of proteins identified in the 
validation cohort by PRM to anti-VEGF treatment, we 
compared changes in patients with PDR before and after 
anti-VEGF treatment. Among the 83 DEPs validated 
by PRM, C6 and FAM3C were significantly decreased, 
whereas SPP1 and JCHAIN were substantially increased 
post-treatment. The remaining 79 DEPs, including 31 

hub proteins from the PDR vs. NPDR groups, showed no 
significant changes (Fig. 6).

Drug prediction for NPDR and PDR
To investigate potential new drugs for NPDR and PDR 
treatment, bioactive compounds mimicking the effects 
observed in NPDR vs. non-DM groups and PDR vs. non-
DM groups were retrieved from the CMap database. Two 
lists of 2429 compounds, scored from −100 to 100, were 
obtained. The top 15 compounds (score < − 99) for NPDR 
and PDR were identified, based on the principle that 
negative values indicate the reversion of the signature 
expression (Tables S8-S9). A systematic literature review 
of PubMed database revealed the strong therapeutic effi-
cacy of triciribine (an AKT inhibitor) and perindopril 
(an ACE inhibitor) for NPDR in animal studies. Addi-
tionally, we identified BRD-K41143549, XAV-939, and 
AS-604850, which have mechanisms of action similar to 
a glutamate receptor antagonist, a tankyrase inhibitor, 
and a PI3K inhibitor, respectively, might have potential 
therapeutic benefit for NPDR (Fig. 7B and C). For PDR, 
triciribine and topiramate (a carbonic anhydrase inhibi-
tor) demonstrated promising results by literature, while 
vecuronium (an acetylcholine receptor antagonist), 
O-1918 (a cannabinoid receptor antagonist), RO-60-0175 
(a serotonin receptor agonist), CAY-10577 and CAY-
10578 (both casein kinase inhibitors), and LY-341495 (a 
glutamate receptor antagonist) might also be potential 
therapeutic candidates base on our findings (Fig. 7B and 
D).

Table 1  The hub proteins (ranked by AUC) in NPDR vs. non-DR and PDR vs. NPDR
Protein Gene name Protein location module Ratio P value AUC value
NPDR vs. non-DR
P00734 F2 extracellular turquoise 1.54009 0.036444 0.89
P03952 KLKB1 extracellular turquoise 2.155632 0.010474 0.86
P02679 FGG extracellular turquoise 12.65522 0.033686 0.79
P02743 APCS extracellular turquoise 3.336828 0.035931 0.78
P02675 FGB extracellular turquoise 8.553475 0.044983 0.77
PDR vs. NPDR
P07357 C8A extracellular turquoise 2.222135 0.000302 0.94
P02753 RBP4 extracellular turquoise 4.09654 0.000158 0.93
Q96IY4 CPB2 extracellular turquoise 2.497397 0.001473 0.92
P04004 VTN extracellular turquoise 2.516913 0.007644 0.92
P02760 AMBP extracellular turquoise 3.088958 0.002747 0.91
P06681 C2 extracellular turquoise 2.054174 0.006503 0.91
P00747 PLG extracellular turquoise 2.060559 0.000463 0.90
P43652 AFM extracellular turquoise 2.737774 0.004905 0.89
P13671 C6 extracellular turquoise 2.938061 0.000725 0.89
P00734 F2 extracellular turquoise 1.806203 0.002592 0.89
AUC, area under curve; non-DR, without diabetic retinopathy; NPDR, non-proliferative diabetic retinopathy; PDR, proliferative diabetic retinopathy.
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Fig. 4 (See legend on next page.)
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Discussion
The present study delineates the quantitative proteomic 
profile of the AH at different stages of DR using DIA-
based analysis and PRM-based validation. The DIA anal-
ysis identified 739 comparable AH proteins and critical 
molecular pathways involved in DR progression, includ-
ing the complement and coagulation cascades, folate 
metabolism, and selenium micronutrient network. The 
hub proteins implicated in the occurrence and develop-
ment of DR were screened using PRM validation, and F2, 
FGG, FGB, RBP4, AMBP, VTN, C8A, CPB2, and C2 of 
them were associated with clinical traits. Additionally, 
C6, FAM3C, SPP1, and JCHAIN levels were altered post-
anti-VEGF treatment. Finally, potential therapeutic drugs 
for NPDR and PDR, including triciribine, perindopril and 
topiramate, were predicted.

Our findings exhibit partial concordance with previous 
studies. For instance, a mass spectrometry-based label-
free quantitative proteomics study identified 10 DEPs 
in VH from PDR vs. NPDR groups, including APOB, 
APOC3, HABP2, CD14, ITIH4, CPN2, APOM, AMBP, 
C1QB, and FAM3C [10], which were also detected in our 
AH analysis. A recent proteomic study of AH liquid biop-
sies reported an overlap of 60 out of 1784 DEPs in DR vs. 
controls with our findings [12]. Additionally, APOC4, 
AMBP and IGHA1 were identified in both tear and AH 
from Chinese patients with DR [13]. 

GSEA revealed upregulated pathways related to folate 
metabolism and the selenium micronutrient network in 
the AH patients with DR, compared to that in those with-
out DR. This finding suggests increased metabolic activ-
ity of folate and selenium, leading to higher consumption 
of these elements in the eyes of the patients with DR. 
Both folic acid and selenium can suppress inflammation 
and oxidative stress, with supplementation shown to par-
tially prevent DR [23–26]. Consistent with previous stud-
ies on intraocular fluid of DR [9–12], our findings also 
revealed upregulation of complement and coagulation 
cascades in patients with DR, suggesting these pathways 
may be activated through multiple mechanisms dur-
ing DR development. Complement and coagulation are 
related to proteolytic cascades in the blood. Dysregula-
tion of the complement system can cause tissue damage, 
pathological inflammation, and coagulation activation. 
Hyperactivation of the complement system is linked to 
diseases like glomerulonephritis and systemic lupus ery-
thematosus [27, 28], while inactivation is associated with 

conditions like septicemia and endotoxemia [29]. The 
abnormal coagulation cascade is involved in hematologi-
cal [30], cardiovascular [31], liver [32], and nervous sys-
tem diseases [33]. Accumulating evidence suggests that 
cross-talk exists between the complement system and the 
coagulation cascade. A recent study showed that plate-
lets in the tumor microenvironment can promote tumor 
cell invasion and metastasis by activating the coagulation 
cascade, and inhibit immune cell cytotoxicity by activat-
ing the complement system [34]. In contrast, pathways 
related to the metabolism of carbohydrates and lyso-
somes were downregulated in the AH of patients with 
DR. This indicates that the intraocular glucose metabolic 
capacity was reduced, affecting the growth, metabolism, 
and survival of cells.

Increasing evidence indicates that WGCNA can not 
only explore network module structures, measure the 
relationships between genes and modules, explore the 
relationships among modules, and rank ordered genes 
or modules, but also generate testable hypotheses for 
validation in independent datasets [35, 36]. Therefore, we 
selected candidate proteins based on WGCNA for PRM 
validation in an independent cohort. The ROC curve 
analysis of NPDR vs. non-DR suggested that F2, KLKB1, 
FGG, APCS, and FGB may serve as biomarkers for dis-
tinguishing retinopathy in patients with diabetes. These 
proteins were enriched in complement and coagulation 
cascades, folate metabolism, and selenium micronutrient 
network pathways. Moreover, three of these proteins (F2, 
FGG, and FGB) correlated with coagulation indices like 
PR-INR, PT, TT, and PT-A. F2, also known as prothrom-
bin, converts to thrombin during coagulation, serving 
as a key enzyme in the blood-clotting cascade [37]. It is 
upregulated in patients with diabetes and may contrib-
ute to atherothrombotic complications in T2DM [38]. 
FGG and FGB, the gamma and beta chains of fibrino-
gen respectively, play crucial roles in hemostasis, wound 
healing, and vascular pathology [39]. They are also dif-
ferentially expressed in the umbilical vessels of patients 
with gestational diabetes mellitus, indicating that intra-
uterine hyperglycemia is associated with an elevated 
cardiovascular risk in the offspring [40]. Additionally, F2 
and FGG were positively correlated with HbA1c, suggest-
ing that the coagulation cascade is involved in diabetic 
control or progression. KLKB1 is activated to kallikrein, 
which in turn activates factor XII and participates in the 
intrinsic coagulation pathways. The kallikrein system has 

(See figure on previous page.)
Fig. 4  PRM-based validation in an independent cohort. (A) ROC curves show the ability of the top five hub proteins (ranked by AUC) to distinguish NPDR 
from non-DR. (B) Lollipop diagram showing key pathways enriched for the seven DEPs from NPDR vs. non-DR. (C) PPI network of the five hub proteins 
from NPDR vs. non-DR. (D) ROC curves show the ability of the top ten hub proteins (ranked by AUC) to distinguish PDR from NPDR. (E) Lollipop diagram 
showing key pathways enriched for the 33 DEPs from PDR vs. NPDR. (F) PPI network of the 33 DEPs from PDR vs. NPDR. PRM: parallel reaction monitor-
ing; ROC: receiver operating characteristic; AUC: area under curve; DEPs: differentially expressed proteins; PPI: protein-protein interaction; DR: diabetic 
retinopathy; NPDR: non proliferative diabetic retinopathy; PDR: proliferative diabetic retinopathy
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been reported as a VEGF-independent mediator of dia-
betic macular edema (DME) [41]. APCS is a naturally 
occurring homopentameric plasma protein that is highly 
conserved across species and acts as a soluble pattern 
recognition receptor in the innate immune system, with 
functions including the regulation of matrix formation 
and complement activation [42]. Nevertheless, further 
studies are required to elucidate the relationship between 
these proteins and DR.

The 33 identified hub proteins, primarily enriched in 
complement and coagulation cascades, may differenti-
ate between NPDR and PDR. Among the top ten pro-
teins by AUC values (C8A, RBP4, CPB2, VTN, AMBP, 

C2, PLG, AFM, C6, and F2), five (VTN, AMBP, PLG, C2, 
and F2) were core proteins in the PPI network, and six 
(RBP4, AMBP, VTN, C8A, CPB2, and C2) were associ-
ated with lipoprotein, renal function, and coagulation 
indices. RBP4, positively associated with lipoprotein a, 
regulates lipid metabolism and insulin sensitivity, con-
tributing to DR progression as a novel proangiogenic 
factor [43, 44]. Moreover, RBP4 stimulates proinflamma-
tory cytokines like IL-6 and ICAM-1 in endothelial cells, 
promotes leukocyte adherence [45], increases mitochon-
drial superoxide production, and induces apoptosis [46]. 
AMBP cleaved into alpha-1-microglobulin and bikunin, 
both of which participate in various biological processes 

Fig. 5  Pearson correlation analysis between hub proteins and clinical traits. (A) F2, FGG, and FGB from NPDR vs. non-DR are significantly correlated with 
clinical data. (B) RBP4, AMBP, VTN, C8A, CPB2, and C2 from the top ten hub proteins in PDR vs. NPDR are significantly correlated with clinical data. DR: 
diabetic retinopathy; NPDR: non-proliferative diabetic retinopathy; PDR: proliferative diabetic retinopathy
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such as cell growth, cellular calcium uptake, and inflam-
mation [47]. It is considered a biomarker distinguishing 
healthy individuals from patients with nephropathy and 
those with and without diabetic nephropathy [48], which 
is similar to our result that AMBP exhibited a negative 
correlation with eGFR. Although AMBP showed a posi-
tive correlation with FIB, its role in the coagulation cas-
cade remains unclear. In this study, VTN, C8A, CPB2, 
and C2 correlated with coagulation indices. VTN, an 
extracellular matrix protein, is involved in cell adhesion, 
blood coagulation, and fibrinolysis [49, 50]. It has been 
reported to distinguish glaucoma from cataract with sig-
nificant upregulation in glaucoma [51, 52], and also acts 
as a hub protein in the AH proteomes of PDR [52]. C8A 
is a subunit of the C8 complex in the complement sys-
tem, which is a component of the membrane attack com-
plex (MAC) [53]. To our knowledge, there are no reports 

on the association between C8A and DR or other diabe-
tes-related complications. CPB2, or thrombin-activatable 
fibrinolysis inhibitor (TAFI), is crucial in coagulation 
and fibrinolysis [54], and has recently been identified as 
a potential protein marker closely linked to the progres-
sion of DR [55]. C2, a key component of the classical 
complement pathway, plays a crucial role in inflamma-
tory responses [56] and shows significant alteration in 
the PDR group compared to dry age-related macular 
degeneration [57]. Our findings suggest that F2 is likely 
involved in DR progression as a hub protein both in the 
PDR vs. NPDR comparison and in the NPDR vs. non-
DR comparison. Consequently, we speculate that inter-
vention targeting these hub proteins may have potential 
therapeutic effects in NPDR or PDR.

Despite the widespread use of anti-VEGF-based ther-
apy for DME and PDR, approximately 40% of patients 

Fig. 6  Raincloud plots show the response of hub proteins validated by PRM in PDR patients after anti-VEGF treatment. (A) C6 and FAM3C are significantly 
decreased, while SPP1 and JCHAIN are significantly increased after anti-VEGF treatment. (B) Eight of the top ten hub proteins between PDR and NPDR 
show no changes after anti-VEGF treatment. PRM: parallel reaction monitoring; PDR: proliferative diabetic retinopathy; VEGF: vascular endothelial growth 
factor
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with DME show a poor response, indicating the potential 
involvement of molecules other than VEGF [58, 59]. Our 
study revealed a significant decrease in C6 and FAM3C 
and an increase in SPP1 and JCHAIN levels post-anti-
VEGF treatment. C6 is part of the complement system 
and participates in MAC formation [60]. Anti-C6 anti-
bodies have been shown to suppress MAC formation 
and significantly lower both the incidence and progres-
sion of choroidal neovascularization (CNV) in a mouse 
model [61]. SPP1, or OPN, is a secreted phosphopro-
tein involved in cell adhesion, signal transduction, and 
immune regulation [62]. SPP1 interacts with cancer-
associated genes such as VEGF, FGA, JUN, EGFR, and 
TGFB1 [63]. A recent in vivo study demonstrated that 
Spp1+ macrophages express a proangiogenic transcrip-
tome through VEGF signaling, endothelial cell sprouting, 

cytokine signaling, and fibrosis [64]. Our findings indi-
cated that C6 levels, positively correlated with PDR, sig-
nificantly decreased after anti-VEGF treatment, while 
SPP1 levels, negatively correlated with PDR, significantly 
increased, suggesting that anti-VEGF treatment may 
affect these proteins, apart from disrupting VEGF–VEGF 
receptor interactions.

FAM3C, also known as interleukin-like epithelial-
mesenchymal transition (EMT) inducer, plays a role in 
EMT, which significantly affects cancer cell invasion and 
migration [65, 66]. JCHAIN links monomeric IgA and 
IgM into dimers or polymers, facilitating their transport 
across epithelial cells and thus contributing to muco-
sal immunity [67]. Our findings showed that FAM3C 
was negatively correlated with PDR and significantly 
decreased after anti-VEGF treatment, whereas JCHAIN 

Fig. 7  CMap-based drug repurposing analysis for NPDR and PDR. (A) Barplot indicating the percentage of 15 predicted compounds for NPDR and PDR. 
Drugs validated in animal experiments, agents sharing common mechanisms of action with known drugs, and compounds with undetermined func-
tions for DR are represented by orange, blue, and gray, respectively. (B) Venn diagram illustrating the shared and unique compounds for NPDR and PDR. 
(C, D) Mechanisms of action (MOA) of predicted drugs are represented in Sankey diagrams for NPDR (C) and PDR (D). NPDR: non-proliferative diabetic 
retinopathy; PDR: proliferative diabetic retinopathy
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was positively correlated with PDR and significantly 
increased after anti-VEGF therapy. These findings sug-
gest that anti-VEGF therapy may simultaneously activate 
other signaling pathways. Except for C6 and JCHAIN, 
the other 31 hub proteins in PDR vs. NPDR comparison 
showed no significant change. This duality may explain 
the poor response in some patients after anti-VEGF 
treatment and suggests these proteins as potential inter-
vention targets for PDR.

The CMap query tool has been used to effectively 
screen candidate drugs in proteomics data [68, 69]. 
Herein we utilized it to predict potential inhibitors for 
NPDR and PDR using our AH proteome data. Perin-
dopril, an ACE inhibitor used in hypertension manage-
ment [70], has been shown to mitigate DR in diabetic rats 
[71], aligning with our predictions. Similarly, a glutamate 
receptor antagonist, known for its use in Alzheimer’s 
disease [72], has demonstrated protective effects in DR 
mice by reducing ROS/TXNIP/NLRP3 signaling [73], 
suggesting BRD-K41143549 as a potential therapeutic 
agent against DR. Although Tankyrase inhibitor is pri-
marily investigated for Wnt-pathway dependent cancers 
[74], a recent study indicated that it could regulate naïve 
diabetic human iPSCs to generate vascular progenitors 
for efficient revascularization of ischemic retina [75], 
suggesting that Tankyrase inhibitor XAV-939 might pro-
tect against DR. Hyperactivation of the PI3K signaling 
pathway, associated with tumorigenesis and resistance 
to treatment in various cancer types, and the inhibitors 
of this pathway thus are as potential antitumor drugs 
[76]. Additionally, the PI3K inhibitor AS-604850 amelio-
rated joint inflammation and damage in mouse models 
of arthritis and lupus; [77, 78] and was also predicted to 
be effective against NPDR in our study, likely due to the 
involvement of inflammatory response in DR.

Triciribine, an AKT inhibitor, has demonstrated syner-
gistic efficacy with multiple therapeutic against various 
malignancies [79]. Our findings regarding the potency of 
Triciribine in preventing NPDR and PDR corroborate a 
previous study showing its ability to mitigate pathologi-
cal neovascularization and reduce vascular permeabil-
ity in a mouse model of proliferative retinopathy [80]. 
Topiramate, a carbonic anhydrase inhibitor approved for 
epilepsy treatment and migraine prophylaxis [81], was 
predicted in our study markedly attenuated PDR, consis-
tent with previous experimental evidence demonstrating 
its neuroprotective effects against excitotoxicity and isch-
emic injury in rat retinas [82]. Studies have demonstrated 
the efficiency of acetylcholine receptor antagonists 
against DME [83] and cannabinoid receptor blockade 
against vascular inflammation and cell death in DR [84]. 
Moreover, serotonin receptor agonists protect the ret-
ina from severe photo-oxidative damage [85], whereas 
casein kinase 2 inhibitors remarkably suppress preretinal 

neovascularization in a proliferative retinopathy mouse 
model [86]. Therefore, the therapeutic potential of the 
predicted drugs, including Vecuronium (a neuromuscu-
lar blocking agent) [87], O-1918, RO-60-0175 (an agent 
for reducing addiction to cocaine) [88], along with CAY-
10577 and CAY-10578, warrants further investigation for 
PDR treatment.

To thoroughly explore the proteomic characteristics of 
AH in DR, our study employed two key measures: pre-
cise sample grouping based on the clinical features of 
DR, and detection of the AH proteome using the DIA 
mode, followed by key protein validation via the PRM 
approach. Furthermore, the alterations in protein expres-
sion before and after anti-VEGF therapy were assessed, 
as well as the potential therapeutic drugs were predicted, 
which providing a valuable basis for the management of 
DR. However, this study has several limitations. Firstly, 
the number of clinical samples analyzed was limited. 
Considering that the consistency of the samples is easily 
influenced by individual differences, further studies with 
larger cohorts are necessary to better identify biomark-
ers and differentiate DR stages. Secondly, DIA- or PRM-
based proteomic technologies have certain limitations. 
For instance, VEGF-A and IL-6, known to be involved in 
PDR, were not detected in our study, likely due to their 
small molecular weight and low abundance. Moreover, 
current proteomic techniques remain imperfect. More 
than 200 whole proteins obtained by DIA and 13 of the 
83 key proteins validated by PRM in our study were not 
detected in a recently reported study by Wolf et al., [12] 
that identified 5,953 proteins in AH using an aptamer-
based proteomics assay. Thirdly, the biological functions 
of the hub proteins require further exploration using 
cell and animal models. Lastly, the drug predictions for 
NPDR and PDR were descriptive and their efficacy needs 
to be validated in some models.

Conclusions
In conclusion, our study comprehensively analyzed the 
proteomic characteristics of AH across different stages 
of DR, focusing on signaling pathways, hub proteins, and 
potential therapeutic agents. We identified additional 
hub proteins in the AH that distinguish PDR from NPDR, 
indicating that abnormal changes and interactions of var-
ious functional proteins in the eye are crucial to DR pro-
gression. This underscores the importance of exploring 
ocular biomarkers and the potential for discovering novel 
drug targets. Our findings offer insights into the mecha-
nisms of DR, identify biomarkers for clinical diagnosis, 
and guide the development of more effective treatments.
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