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Abstract 
The gut microbiota has emerged as an independent risk factor for diabetes and its complications. This research aimed to 
delve into the intricate relationship between the gut microbiome and diabetic retinopathy (DR) through a dual approach of 
cross-sectional and prospective cohort studies. In our cross-sectional study cross-sectional investigation involving ninety-nine 
individuals with diabetes, distinct microbial signatures associated with DR were identified. Specifically, gut microbiome 
profiling revealed decreased levels of Butyricicoccus and Ruminococcus torques group, alongside upregulated methano-
genesis pathways among DR patients. These individuals concurrently exhibited lower concentrations of short-chain fatty 
acids in their plasma. Leveraging machine learning models, including random forest classifiers, we constructed a panel of 
microbial genera and genes that robustly differentiated DR cases. Importantly, these genera also demonstrated significant 
correlations with dietary patterns and the molecular profiles of peripheral blood mononuclear cells. Building upon these 
findings, our prospective cohort study followed 62 diabetes patients over a 2-year period to assess the predictive value of 
these microbial markers. The results underlined the panel’s efficacy in predicting DR incidence. By stratifying patients 
based on the predictive genera and metabolites identified in the cross-sectional phase, we established significant associations 
between reduced levels of Butyricicoccus, plasma acetate, and increased susceptibility to DR. This investigation not only 
deepens our understanding of how gut microbiota influences DR but also underscores the potential of microbial markers as 
early indicators of disease risk. These insights hold promise for developing targeted interventions aimed at mitigating the 
impact of diabetic complications.

Key points
• Microbial signatures are differed in diabetic patients with and without retinopathy
• DR-related taxa are linked to dietary habits and transcriptomic profiles
• Lower abundances of Butyricicoccus and acetate were prospectively associated with DR
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Introduction

Diabetes mellitus (DM) is a metabolic disorder character-
ized by elevated blood glucose levels. In 2017, more than 
451 million adults worldwide lived with DM, a number 
projected to rise to 693 million by 2045 (Cho et al. 2018). 
This condition poses significant health risks by affecting 
multiple organs and leading to various vascular and neu-
rological complications. Diabetic retinopathy (DR), which 
affected 22.27% of diabetic individuals in 2020 (Teo et al. 
2021), stands out as a leading cause of diabetes-related 
blindness (Cheung et al. 2010). Therefore, accurate iden-
tification of high-risk patients followed by prompt inter-
vention is crucial. A thorough investigation into its unique 
pathophysiology and the discovery of new biomarkers for 
early detection are warranted.

Although hyperglycemia-related metabolic disruptions 
were considered central to DR development, long-term 
glycemic control has not effectively reduced DR incidence 
(Kim et al. 2022), highlighting the need to explore predis-
posing factors beyond high blood glucose levels. Mod-
ern sequencing techniques now allow characterization of 
microbial communities and their involvement in diseases 
like DM. Qin et al. initially reported a moderate microbial 
imbalance in diabetic patients, marked by decreased short-
chain fatty acid (SCFA)–producing bacteria and increased 
opportunistic pathogens (Qin et al. 2012). Wang et al. 
introduced the concept of microbial age, which utilizes 
an unsupervised clustering approach to identify diver-
gent microbial signatures associated with metabolic dis-
turbances and aging, enlightening tailored management 
strategies (Wang et al. 2024). Ample evidence also linked 
altered gut microbiota to diabetic complications (Tanase 
et al. 2020), with specific species associations observed 
in DR cases, such as an increase in Clostridium and a 
decrease in Roseburia (van Heck et al. 2022). Addition-
ally, shifts in Bacteroidetes, Bifidobacterium, and Lactoba-
cillus have been noted in adults with DR (Li et al. 2022). 
Longitudinal studies are now emerging to establish causal 
relationships between microbial profiles and incident DM 
(Wang et al. 2022; Stewart et al. 2018). Moreover, Mende-
lian randomized studies and interventional studies utiliz-
ing fecal microbiota transplantation (FMT) strategies have 
further reinforced such causality (Sun et al. 2023; Zhang 
et al. 2024a; Wu et al. 2023; Zhang et al. 2022; Ng et al. 
2022; Zhang et al. 2024b; de Groot et al 2021). Recent 
data have updated our understanding of the effectiveness 
of FMT in patients with diabetes, leading to improvements 
in blood glucose levels, lipid profiles, insulin resistance 
(as measured by the homeostasis model assessment), and 
blood pressure. Notably, FMT has shown promise in man-
aging diabetes-related distal symmetric polyneuropathy 

and enhancing cardiometabolic outcomes independently 
of glycemic control (Yang et al 2023), while its impact on 
DR remains underexplored.

In this study, we leveraged 16S rRNA sequencing, die-
tary investigations, plasma metabolite analyses, and mRNA 
sequencing data from the Shanghai Cohort Study of Dia-
betic Eye Disease (SCODE, clinicaltrials.gov identifier: 
NCT03666052). Incorporating both cross-sectional and 
prospective cohort study designs, our primary objective was 
to scrutinize the associations between gut microbiota and 
DR, focusing on identifying potential biomarkers indicative 
of DR risk. Additionally, we explored associations between 
discriminatory genera and dietary components to elucidate 
upstream factors. Through the prospective cohort study, we 
demonstrated specific genera causally linked to DR inci-
dence, providing insights for future mechanistic research 
into disease processes and potential therapeutic targets.

Materials and methods

Study population

This study adhered to the principles of the Declaration of 
Helsinki and received approval from the Medical Ethics 
Committee of Shanghai General Hospital (no. 2018KY209).

Participants were selected from our longitudinal cohort, 
SCODE, and provided written informed consent before 
enrollment. The SCODE cohort details have been previ-
ously published (Lin et al. 2022). Briefly, participants were 
tracked for health data annually at community health centers 
in Shanghai, including physical measurements, ophthalmic 
examinations, standardized questionnaires, and collection of 
blood and stool samples for laboratory tests.

Individuals included in this study had complete omics 
data and information for ascertainment of DR. Exclusion 
criteria were as follows: (1) eyes affected by conditions other 
than DR (e.g., hereditary retinopathy, high myopia, glau-
coma, recent intraocular surgery within the past 6 months); 
(2) histories of systemic inflammatory diseases, infectious 
diseases, chronic gastrointestinal diseases, or severe organ 
injuries; and (3) antibiotic usage within 4 weeks prior to 
stool sample collection. Subjects attending the two-year fol-
low-up were designated as the prospective cohort, while oth-
ers comprised the cross-sectional analysis of this study. The 
conceptual framework of this study is illustrated in Fig. 1A.

Data collection

Demographic characteristics, medical history, current 
medications, and lifestyle information were gathered from 
all participants by trained technicians using standardized 
questionnaires at local community clinics. Anthropometric 
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measurements were conducted following established proto-
cols during participant visits.

Fecal samples were self-collected by participants at home 
as per detailed instructions and promptly transported on ice 
to the hospital clinical center within 24 h. Upon receipt, 10 g 
of feces was aliquoted into sterilized test tubes and stored 

at − 80 °C until processing. Each participant also provided 
two tubes of morning whole blood, which were centrifuged 
(3000 rpm, 20 min) to separate plasma and blood cells, both 
stored at − 80 °C until analysis.

Dietary intake was assessed using validated Food Fre-
quency Questionnaires (FFQs), estimating consumption 
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frequency and portion sizes of 122 common food items 
over the preceding year. Average intakes were calculated 
based on the Chinese Food Composition Table (Yang 2005). 
Questionnaires with missing data or extreme reported cal-
orie intake (< 600 or > 3500 kcal/day for women; < 800 
or > 4200 kcal/day for men) were excluded (n = 10).

Disease ascertainment

Eye disease screenings utilized a remote system integrated 
with an artificial intelligence image-reading program at local 
community clinics (Peng et al. 2011). Two ophthalmologists 
independently verified DR events using the International 
Clinical Diabetic Retinopathy and Diabetic Macular Edema 
Disease Severity Scales (Wilkinson et al. 2003), resolving 
discrepancies through consensus with a third ophthalmolo-
gist. Baseline characteristics of participants remained undis-
closed during assessments. Individuals identified with DR 
were advised to undergo detailed fundus evaluations at the 
hospital. DM diagnosis followed the American Diabetes 
Association criteria (ElSayed et al. 2023).

16s rrna sequencing and bioinformatics analysis

Fecal DNA extraction used the E.Z.N.A.® Soil DNA Kit 
(Omega Bio-Tek, Norcross, GA, USA), with quality checked 
using a Nanodrop spectrophotometer and gel electrophore-
sis. The V3-V4 hypervariable regions of the bacterial 16S 
rRNA gene were amplified with primers 338F (5ʹ-ACT​
CCT​ACG​GGA​GGC​AGC​AG-3ʹ) and 806R (5ʹ-GGA​CTA​
CHVGGG​TWT​CTAAT-3ʹ) via polymerase chain reaction. 
After quantification with the Quantus™ Fluorometer (Pro-
mega, USA), DNA samples were subjected to library prepa-
ration and paired-end sequencing (2 × 250 bp) on an Illumina 
MiSeq PE300 platform.

Raw Illumina sequencing data were demultiplexed, qual-
ity-filtered, and spliced using Trimmomatic and FLASH. 
Quantitative Insights Into Microbial Ecology (QIIME) was 
employed for data analysis with default parameters. Opera-
tional taxonomic units (OTUs) were clustered at a 97% 
similarity cutoff using UPARSE, with chimeric sequences 
detected and removed by UCHIME. Intra- and inter-commu-
nity diversity was calculated at a sequencing depth of 32,620 
reads per sample. Alpha diversity metrics (ace, Chao1, 
Shannon, Simpson indices) assessed OTU richness, with 
statistical significance determined by the Wilcoxon rank-
sum test. Beta diversity based on Bray–Curtis distance was 
visualized via principal coordinates analysis (PCoA), and 
differences were assessed by Adonis. Function prediction 
utilized PICRUSt, assigning Kyoto Encyclopedia of Genes 
and Genomes (KEGG)–annotated genes to algorithmically 
determined metabolic modules (www.​kegg.​jp/).

Taxonomic and functional differences were evaluated 
using Wilcoxon rank-sum tests, with multiple testing cor-
rections applied using the Benjamini–Hochberg method. 
Microbiome multivariable associations were examined using 
linear models (MaAsLin) to scrutinize relationships between 
genus-level microbes, KEGG orthologs at the functional 
level, and DR development. Models adjusted for age, sex, 
BMI as fixed effects, and sample storage site as a random 
effect to mitigate potential confounding. Similar models sub-
stituted DR occurrence with dietary factors as fixed effects to 
explore their impact on gut microbiota composition. Signifi-
cant KEGG orthologs identified by MaAsLin were further 
categorized into pathways.

SCFA quantification and data analysis

Metabolites were extracted by combining 0.03 mL of plasma 
sample with 0.05 mL of 50% sulfuric acid and 0.2 mL of 
extraction solution containing 2-methylvaleric acid. The 
mixture was vortexed in ice water for 30 s, followed by 
shaking for 10 min and sonication for another 10 min. After 
centrifugation (10,000 rpm, 15 min, 4 °C), the solution was 
stored at − 20 °C for 30 min, and the supernatant was used 
for gas chromatography–mass spectrometry analysis.

During data processing, single peaks were filtered, and 
peak area data with less than 50% nulls in all groups were 
retained. Missing values were imputed using numerical sim-
ulation, replacing them with half of the minimum observed 
value. Post-preprocessing, five peaks representing acetate, 
propionate, butyrate, valerate, and hexanoate were identi-
fied. Log2 transformation and UV formatting were applied 
to mitigate biological noise and potential batch effects. Dif-
ferential metabolites were identified using least absolute 
shrinkage and selection operator (LASSO) regression, fol-
lowed by logistic regression.

RNA sequencing

Total RNA was isolated from peripheral blood mononu-
clear cells (PBMCs) using the RNeasy mini kit (Qiagen, 
Germany). Paired-end sequencing was conducted using the 
TruSeq™ RNA Sample Preparation Kit (Illumina, USA), 
following the manufacturer’s guidelines. Purified cDNA 
libraries were quantified and qualified using the Qubit® 2.0 
Fluorometer (Life Technologies, USA) and Agilent 2100 
bioanalyzer (Agilent Technologies, USA), respectively. 
Libraries were clustered by cBot and sequenced on the 
Illumina NovaSeq 6000 (Illumina, USA). Raw data under-
went demultiplexing and alignment to the human reference 
genome GRCh37 using Hisat2 (version 2.0.5). SAM files 
were converted to BAM files and sorted with SAMtools 
(version 1.3.1). Stringtie software was used to count the 
number of fragments within each gene, and sequencing 

http://www.kegg.jp/
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depth normalization utilized the trimmed mean of M-values 
(TMM) algorithm. Differential gene expression analysis was 
performed using limma in R, with significance determined 
at adjusted P < 0.05. Pathway enrichment analysis of differ-
entially expressed genes (DEGs) was conducted using Gene 
Set Enrichment Analysis (GSEA) and Gene Ontology (GO) 
analysis. Spearman correlation analysis explored potential 
interactions between gene expression patterns and gut micro-
biota. The mRNA expression analysis of the entire SCODE 
cohort has been detailed in a companion manuscript (Xiang 
et al. 2023).

Statistics

Continuous results were presented as mean ± standard devi-
ation, and categorical variables were expressed as ratios. 
For general comparisons, two-sided Student’s t tests (or 
Mann–Whitney tests) were used for continuous variables 
and Fisher’s exact tests for categorical variables.

To assess the explained variance of 16S rRNA sequenc-
ing data at the genus and functional levels, we performed 
random-forest analysis with data split into train and test 
datasets at a 3:1 ratio. Only microbial genera and genes pre-
sent in at least 30% of participants were analyzed. Initial 
variable selection used the minimum redundancy maximum 
relevance (mRMR) algorithm. Models were evaluated on 
test datasets using tenfold cross-validation, with accuracy 
measured by area under the curve (AUC) of receiver operat-
ing characteristic (ROC) curves. In the prospective cohort 
study, the random forest model incorporated discriminatory 
genera and genes identified from the cross-sectional study 
to predict subjects at risk of developing DR over a 2-year 
period.

Microbial co-abundance networks were constructed to 
validate the robustness of obtained associations between 
gut microbiota and DR. Participant clusters were identified 
based on the abundance of 30 genera within co-abundant 
groups using CCREPE (compositionality corrected by 
renormalization and permutation). Fisher’s exact tests com-
pared DR proportions among clusters.

Causal mediation analyses were used to comprehend rela-
tionships between dietary factors, microbial taxa, and DR 
development. The following models were used: (1) Media-
tor models: dietary component ~ genus + age + sex + BMI; 
(2 )  Ou tcome  mode l s :  DR ~  d ie t a r y  compo-
nent + genus + age + sex + BMI. Significance was deter-
mined using nonparametric bootstrap procedures with mul-
tiple testing correction. Average causal mediation effects and 
average direct effects were reported.

Subgroup analysis was performed in the prospective 
cohort to assess the predictive ability of identified micro-
bial taxa and metabolites. Subjects were stratified into high 

and low abundance groups based on ROC thresholds from 
the cross-sectional study. Fisher’s exact tests compared DR 
incidences between these groups.

All statistical analyses and visualizations were performed 
using R version 4.3 (R Foundation, Vienna, Austria) and 
GraphPad Prism V.9.0 (GraphPad Software, San Diego, 
CA, USA). Results with a two-sided P < 0.05 or adjusted 
P < 0.25 were considered statistically significant unless oth-
erwise specified.

Results

Descriptive characteristics of the study participants

In the cross-sectional study, we included a cohort of ninety-
nine individuals aged between 36 and 92 years (median 
age: 70 years). All participants were diagnosed with type 
2 diabetes, with a median duration of 13 years (range: 1 
to 35 years). Among these, 46 patients showed DR-related 
lesions in their fundus images and were defined as the DR 
group, while the remaining fifty-three individuals were 
categorized into the DM group. Within the DR group, five 
patients had proliferative DR, with the others displaying 
mild to moderate non-proliferative DR. Compared to the 
DM group, participants in the DR group showed higher 
systolic blood pressure (SBP: 141.2 ± 12.76 mmHg) and a 
longer duration of diabetes (17.31 ± 7.93 years). Consistent 
with existing literature, glycemic profile worsened in the 
DR group, evidenced by significantly higher fasting plasma 
glucose and glycosylated hemoglobin (HbA1c). Other 
demographic and biochemical characteristics were similar 
between the two groups (Table 1).

Our prospective cohort study followed 62 participants 
over a 2-year period, all initially free of retinopathy. Over 
a span of 2 years, 16 participants had developed DR based 
on fundus imaging. Compared to those who remained free 
of DR, individuals who developed DR had lower levels of 
high-density lipoprotein. Detailed characteristics of all par-
ticipants are outlined in Table 1.

Compositional and functional profiles of gut 
microbiota are altered in DR

In our cross-sectional study, we first profiled the gut 
microbiome to elucidate alterations associated with DR. 
Alpha-diversity analysis revealed no significant differences 
between the two groups (Supplementary Figure S1), indi-
cating overall microbial community richness was relatively 
stable. However, principal coordinate analysis (PCoA) 
based on Bray–Curtis distance revealed a marginal differ-
ence in microbial community structure between the two 
groups (Adonis: P = 0.042; R-squared = 0.015; Fig. 1B). 
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Taxonomical profiling demonstrated a significantly lower 
abundance of Firmicutes at the phylum level and decreases 
in several SCFA-producing genera in the DR group com-
pared to the DM group (Wilcoxon rank-sum test, P < 0.01, 
FDR < 0.25; Fig. 1C, D; Supplementary Table S1), reca-
pitulating previous studies on DR. PCoA analysis of 

KEGG orthologues further highlighted significant func-
tional differences between DR and DM (Adonis: P = 0.031; 
R-squared = 0.035; Fig. 1E), with pathway enrichment analy-
sis indicating involvement in methane metabolism, cofactor 
biosynthesis, glycerol-lipid metabolism, carbon metabolism, 
and sulfur relay system (Fig. 1F; Supplementary Table S2).

Table 1   Participant 
characteristics

a Fisher’s exact test
b Mann–Whitney test
c Unpaired t test
Abbreviations: BMI body mass index, DBP diastolic blood pressure, DR diabetic retinopathy, DM diabetes 
mellitus, FPG fasting plasma glucose, HbA1c glycemic hemoglobin, HDL-c high-density lipoprotein-cho-
lesterol, LDL-c low-density lipoprotein-cholesterol, SBP systolic blood pressure, SCFA short-chain fatty 
acid, TC total cholesterol, TG total triglyceride

DR-group
(n = 46)

DM-group
(n = 53)

P-value Prospective cohort
(n = 62)

Demographics
  Sex (male:female) 19:27 31:22 0.108a 41:21
  Age, year 70.63 ± 9.694 69.02 ± 6.323 0.077b 69.03 ± 5.665
  BMI, kg/m2 24.24 ± 2.512 23.74 ± 2.828 0.359c 24.89 ± 3.519
  SBP, mmHg 141.2 ± 12.76 132.0 ± 12.72 0.001c 132.5 ± 11.57
  DBP, mmHg 76.43 ± 7.432 76.62 ± 6.766 0.977b 76.52 ± 5.691
  Waist circumference, cm 83.10 ± 7.358 83.98 ± 7.788 0.563c 87.26 ± 9.959
  Diabetes duration, year 17.31 ± 7.928 13.36 ± 8.949 0.023b 11.72 ± 8.359
  Hypertension, N(%) 33 (71.7%) 31 (58.5%) 0.208a 37 (59.7%)
  Smoking status, N (%) 9 (19.6%) 7 (13.2%) 0.425a 15 (24.2%)
  Alcohol drinking, N (%) 7 (15.2%) 13 (24.5%) 0.319a 17 (27.4%)

Laboratory data
  FPG, mmol/L 8.597 ± 2.598 7.474 ± 2.094 0.015b 7.418 ± 1.882
  HbA1c, % 7.861 ± 1.522 7.096 ± 1.299 0.001b 7.103 ± 1.185
  TG, mmol/L 1.626 ± 0.813 1.702 ± 1.188 0.656b 1.795 ± 1.244
  HDL-c, mmol/L 1.348 ± 0.318 1.254 ± 0.344 0.161c 1.236 ± 0.3091
  LDL-c, mmol/L 3.119 ± 0.938 2.907 ± 1.220 0.332c 2.855 ± 1.075
  TC, mmol/L 5.099 ± 0.976 4.920 ± 1.353 0.447c 4.9 ± 1.237
  ALT, U/L 18.35 ± 10.26 19.19 ± 9.729 0.666b 19.48 ± 10.21
  AST, U/L 19.98 ± 6.126 19.68 ± 5.338 0.730b 20.48 ± 5.44
  Bilirubin, mmol/L 12.58 ± 5.877 14.58 ± 8.537 0.301b 14.24 ± 8.189
  Urea, μmol/L 6.588 ± 2.151 5.892 ± 1.702 0.095b 5.954 ± 1.595
  Creatine, μmol/L 75.24 ± 17.94 84.06 ± 28.92 0.081b 84.68 ± 22.8
  Uric acid, μmol/L 303.7 ± 77.16 331.0 ± 80.52 0.066b 334.4 ± 79.23
  Neutrophil count 3.941 ± 1.535 3.772 ± 1.348 0.800b 3.816 ± 1.244
  Lymphocyte count 1.970 ± 0.617 2.155 ± 0.957 0.330b 2.026 ± 0.9022
  Monocyte count 0.386 ± 0.124 0.438 ± 0.188 0.221b 0.4395 ± 0.178
  Neutrophil percentage, % 60.04 ± 7.577 57.29 ± 9.205 0.116c 58.88 ± 8.841
  Lymphocyte percentage, % 31.32 ± 7.36 33.75 ± 9.108 0.155c 31.97 ± 8.788
  Monocyte percentage, % 6.033 ± 1.32 6.72 ± 2.067 0.079b 6.824 ± 1.948

SCFA data
  Acetate, µg/ml 2.101 ± 1.126 3.253 ± 1.643  < 0.001b 3.117 ± 1.601
  Propionate, µg/ml 0.335 ± 0.195 0.488 ± 0.286 0.004b 0.465 ± 0.324
  Butyrate, µg/ml 0.212 ± 0.123 0.356 ± 0.159  < 0.001b 0.330 ± 0.033
  Valerate, µg/ml 0.054 ± 0.044 0.065 ± 0.056 0.074b 0.060 ± 0.044
  Hexanoate, µg/ml 0.125 ± 0.050 0.127 ± 0.050 0.086b 0.132 ± 0.055
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We then explored microbial clusters associated with DR 
through co-abundance network analysis (Fig. 2A). Four 
distinct bacterial groups were identified: group 1 (pre-
dominantly Bacteroidales family members and Lachnoclo-
stridium), group 2 (including canonical probiotic strains 
Bifidobacterium and Lactobacillus), group 3 (compris-
ing cellulose-degrading genera like Ruminococcus_2 and 
Marvinbryantia), and group 4 (represented by members 
of Lachnospiraceae such as Blautia and Dorea). Based on 
these taxonomic profiles, participants were classified into 
four clusters, labeled A to D. Cluster B exhibited a higher 
proportion of DR cases, characterized by an overabundance 
of group 1 bacteria, while clusters C and D showed higher 

levels of group 2, 3, and 4 bacteria, correlating with a lower 
incidence of DR. (Fisher’s exact test: P = 0.035). Cluster A 
did not coalesce well, thus being excluded from the DR pro-
portion comparison.

To assess the predictive capacity of omics data for DR, 
we compared the AUC values from ROC curves using ran-
dom forest classifiers. Employing the mRMR algorithm, pre-
dictor variables were selected from 16S genus level, KEGG 
orthologue level, and their combined datasets (Fig. 2B; 
Supplementary Table S3). We identified 15 key genera 
that provided moderate discriminatory power, yielding 
an AUC value of 0.860 and explained variance of 18.12% 
(Fig. 2C). Adjusting for age, sex, and BMI through MaAsLin 
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analysis, we observed that lower levels of Butyricicoccus 
and Ruminococcus torques group were individually associ-
ated with increased DR risk (Supplementary Table S4). In 
terms of microbial genomic potential, a set of 30 key KEGG 
orthologues demonstrated stronger discriminatory power, 
achieving an AUC value of 0. 937 and explained variance 
of 19.54%. Combining 50 microbial genes and 10 genera 
yielded the highest discrimination, with an AUC value of 
0.951 and explained variance of 20.56% (Fig. 2D). Specifi-
cally, impaired SCFA biosynthesis in the microbiota of DR 
patients correlated with reduced plasma levels of acetate 
and butyrate, as confirmed by LASSO-logistic regression 
analysis (Table 2). Collectively, these findings suggest that 
individuals with DR harbor a distinct microbiome character-
ized by metabolic shifts.

Dietary factors are associated with the altered gut 
microbiota in DR

Evidence substantiates the influence of dietary ingredients 
on gut microbiota composition, which is intricately tied to 
the onset of metabolic disorders (Gentile and Weir 2018). 

In this study, we examined dietary patterns to identify fac-
tors associated with microbiota changes in individuals with 
DR. Compared to those with DM but without retinopathy, 
adults with DR showed significantly higher cholesterol 
intake (Table 3). Logistics regression models corroborated 
significant associations of elevated cholesterol intake and 
reduced fat energy expenditure with increased DR risk. 
Moreover, MaAsLin analysis unveiled multiple correla-
tions between dietary factors and discriminatory microbial 
genera (Supplementary Table S4). For instance, Akker-
mansia abundance was negatively associated with total 
calorie, fat intake, and cholesterol consumption, while the 
Ruminococcus torques group showed a negative correla-
tion with carbohydrate energy expenditure. Subsequently, 
we delved whether the impact of dietary factors on DR was 
mediated by the gut microbiota. Causal mediation analysis 
indicated that Akkermansia modulated the effect of die-
tary cholesterol on DR development, while Klebsiella and 
Dorea mediated the effect of fat energy expenditure. (aver-
age causal mediation effect, estimate =  − 0.0002, 0.0651, 
and − 0.2304, P = 0.028, 0.032, and 0.022; respectively; 
Supplementary Table S5).

Table 2   LASSO-logistics regression models of the cross-sectional study

Fully adjusted models included LASSO-selected variable systolic blood pressure in addition to sex and age
* P < 0.05; **P < 0.01; ***P < 0.001

LASSO model Sex, age-adjusted model Fully adjusted model

Lambda.1se OR (95% CI) P-value OR (95% CI) P-value AUC (95% CI)

Acetate  − 0.0066 0.315 (0.162–0.565)  < 0.001*** 0.319 (0.158–0.593)  < 0.001*** 0.797 (0.709–0.885)
Propionate / 0.518 (0.293–0.849) 0.016* / / /
Butyrate  − 5.5785 0.046 (0.006–0.174)  < 0.001*** 0.053 (0.006–0.203)  < 0.001*** 0.846 (0.764–0.928)
Valerate / 0.806 (0.506–1.24) 0.336 / / /
Hexanoate / 0.845 (0.409–1.74) 0.642 / / /

Table 3   Dietary investigation in the cross-sectional study

Data were expressed as mean ± standard deviation. T-test and Mann–Whitney test were used for comparison between the two groups
* P < 0.05; **P < 0.01

DR-group
(n = 45)

DM-group
(n = 51)

P-value Multivariate-adjusted logistic models

OR 95%CI P-value

Total calorie intake, kcal/d 1625 ± 719 1603 ± 506.7 0.687 1 0.999, 1.00 0.683
Total protein intake, g/d 68.4 ± 45.21 64.56 ± 34.1 0.994 1.01 0.994, 1.02 0.366
Total fat intake, g/d 86.4 ± 43.34 94.21 ± 37.93 0.292 0.995 0.984, 1.01 0.331
Total carbohydrate intake, g/d 158.8 ± 80.11 147.8 ± 62.93 0.798 1 0.997, 1.01 0.31
Total fiber intake, g/d 9.695 ± 8.241 10.87 ± 6.127 0.171 1 0.947, 1.06 0.984
Total cholesterol intake, mg/d 343.3 ± 168.2 266.8 ± 108.8 0.011* 1.004 1.00, 1.01 0.008**
Protein energy contribution 0.164 ± 0.041 0.158 ± 0.052 0.518 276 0.030, 4E + 6 0.235
Fat energy contribution 0.421 ± 0.111 0.472 ± 0.121 0.034* 0.010 0.002, 0.407 0.019*
Carbohydrate energy contribution 0.398 ± 0.088 0.370 ± 0.094 0.135 49.6 0.475, 6753 0.107
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Gut microbiota potentially regulates PBMC 
transcriptomics in DR

To investigate potential links between DR-related micro-
bial changes and transcriptomic signatures of PBMCs, 
we conducted correlation analysis between the relative 
abundances of fifteen genera identified by random forest 
classifiers and DEGs in PBMCs. GSEA analysis revealed 
significant enrichment of pathways related to the spliceo-
some, ribosome, and viral protein interaction with cytokine 
and cytokine receptor in DR patients (Fig. 3A). Notewor-
thy downregulated DEGs included C-X-C motif chemokine 
ligand 10, Otoferlin, and Matrix metallopeptidase 8 (log2 

fold change =  − 1.718, − 1.682, and − 1.562, respectively), 
while Alpha-2-macroglobulin was among the most upregu-
lated DEGs in DR (log2 fold change = 1.258). Spearman 
correlation analyses revealed positive correlations of Akker-
mansia with H3.5 histone and Marvinbryantia to ATP bind-
ing cassette subfamily A member 2 (Spearman rho = 0.438 
and 0.341; adjusted P < 0.001; Fig. 3B; Supplementary 
Table S6). Conversely, Granulicatella showed negative 
correlations with Selenoprotein N and Carbohydrate sul-
fotransferase 13. GO pathway analysis of DEGs suggested 
enrichment in semaphorin receptor activity and proteogly-
can binding (Fig. 3C), implying disturbances in extracellu-
lar matrix production and neural development in DR.
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Fig. 3   DR-related microbiota associated with PBMC transcriptomics. 
A Gene set enrichment analysis on the differential expressed genes 
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enrichment. B Heatmap to show the correlation between the DEGs 

and the relative abundances of discriminatory genera for DR. C Gene 
Ontology pathway analysis on the genes correlated with discrimina-
tory genera
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Microbiome is prospectively associated with DR 
incidence

We then validated the predictive capacity of the fifteen dis-
criminatory genera and microbial genes identified in our 
cross-sectional study by replicating the random forest analy-
sis in our prospective cohort (Supplementary Figure S1B,C; 
Supplementary Table S7). Remarkably, this set of genera 
demonstrated significant discriminatory ability in identi-
fying individuals at risk of developing DR, achieving an 
AUC value of 0.704. Furthermore, combining the 30 most 
predictive microbial genera and genes enhanced discrimina-
tory power, yielding an AUC value of 0.864. Co-abundance 
analysis of these thirty most abundant genera revealed dis-
tinct patient clusters with varying DR risk trajectories: a 
small cluster with lower abundance of the Bacteroides–Alis-
tipes group but relatively higher abundance of the Lach-
nospiraceae group remained free of DR during the 2-year 
follow-up, unlike other clusters where a higher proportion 
developed DR (Fig. S1D). We also confirmed negative cor-
relations of Granulicatella with CHST13 and ST14; Haemo-
philus with DAGLA, GBP6, and CCDC200; and Ruminococ-
cus torques group with TSPAN4. Flavonifractor remained 
positively correlated with CALCRL (Supplementary Table 
S8). These findings mutually underscore the robust associa-
tion of host microbial signatures with DR risk.

We further stratified this cohort based on the rela-
tive abundance of the two most discriminative genera, 
Butyricicoccus and Ruminococcus torques group. Using 
ROC analysis via the Youden index method, we divided the 
cohort into low-abundance and high-abundance groups and 
compared the incidence of DR between them. Individuals 
with a high abundance of Butyricicoccus at baseline exhib-
ited a significantly lower incidence of DR compared to 
those with low abundance (12.1% versus 41.4%; P = 0.018; 
Fisher’s exact test). Conversely, no significant difference in 
DR incidence was observed between the high and low abun-
dance groups of Ruminococcus torques group in this cohort. 
Similar analyses using cutoff values for plasma acetate and 
butyrate levels revealed a significantly higher incidence of 
DR in individuals with low acetate levels at baseline (52.9% 
versus 13.9%; P = 0.003; Fisher’s exact test). In conclusion, 
our findings suggest potential causal relationships between 
specific microbial signatures, plasma biomarkers, and DR 
incidence, highlighting new avenues for preventing DR.

Discussion

This combined cross-sectional and prospective cohort study 
delineated structural and functional changes in gut micro-
biota linked with DR. Our investigation identified a distinct 
set of microbial genera potentially serving as biomarkers 

to distinguish DR patients from those with diabetes. Fur-
thermore, dietary components were broadly associated with 
these microbial genera, suggesting their possible role in DR 
development (Oliphant and Allen-Vercoe 2019;  Gentile and 
Weir 2018). Integrating bacterial genera and genes improved 
model accuracy, shedding light on the interaction between 
host and microbiota. Leveraging the prospective cohort, we 
validated the predictive capacity of this biomarker panel for 
identifying individuals at high risk of DR and identified spe-
cific microbial taxa causally linked to DR incidence.

Building on prior research (Qin et al. 2012; Tanase et al. 
2020; van Heck et al. 2022; Li et al. 2022), our study under-
scores significant decreases in the relative abundance of 
SCFA-producing genera, such as Butyricicoccus and Rumi-
nococcus torques group, among DR patients. Conversely, an 
elevated presence of Peptococcus, recognized as a predictor 
for chronic inflammatory conditions (Ubachs et al. 2021; 
Zhang et al. 2020), was newly identified in individuals with 
DR. Moreover, our functional analysis is the first to highlight 
an enrichment of methanogenic pathways in DR patients. 
Methane production, derived from acetate conversion, 
aligns with the observed decrease in SCFA-producing gen-
era, potentially influencing gut motility (Villanueva-Millan 
et al. 2022; Dimidi et al. 2017), thus exacerbating dysbiosis 
in DR patients.

Functional redundancy, which implies interchangeable 
bacterial species with similar functions, has been proposed 
to explain the taxonomically dispersed but functionally 
coherent microbiota observed in diabetic patients (Moya and 
Ferrer 2016). Using random forest analysis on omics data-
sets, we effectively identified microbial strains and genes that 
robustly discriminate DR cases (random forest classifiers, 
AUC = 0.951). Clustering based on co-abundance bacterial 
groups showed that individuals with higher Bacteroidales 
and lower Lachnospiraceae levels were more susceptible 
to DR. These findings highlight the role of a consortium 
of microbes and functional genes in DR pathophysiology, 
offering insights into potential microbiome-based strategies 
for DR prevention and intervention.

Whether bacteria alterations bona fide contribute to a 
hostile intestinal niche promoting DR or arise as conse-
quences of diabetes-associated metabolic disturbances 
remain elusive. Addressing this gap, we included a lon-
gitudinal cohort with 2-year follow-up data to reinforced 
findings from the cross-sectional analysis. The microbial 
genes and genera selected by the cross-sectional cohort 
not only discriminated DR but also identified individu-
als prone to developing DR (random forest classifier, 
AUC = 0.864). Importantly, low abundance of Butyricicoc-
cus and plasma acetate was prospectively associated with 
increased DR risk, aligning with prior studies reporting 
their metabolic benefits for diabetic patients. Beyond 
SCFA production, increased Butyricicoccus levels are 
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linked to decreased BMI, cholesterol conversion, improved 
glucose tolerance, and insulin sensitivity in response to 
prebiotic interventions (Chung et al. 2021; Tsai et al. 2022; 
Li et al. 2023; Rodriguez et al. 2020). Our study leverages 
diverse samples and robust findings validated across both 
cross-sectional and prospective cohorts, highlighting pro-
nounced microbiome-retinopathy associations in diabetic 
individuals.

Assessing metabolic status in diabetes is complex due to 
multimorbidity, and gut microbial composition associated 
with host pathophysiology exhibits considerable divergence. 
Analyzing microbial metabolites offers insights into the 
gut microbiota’s role in host physiology. For instance, Liu 
et al. demonstrated that the gut commensal Christensenella 
minuta influences host metabolism by producing second-
ary bile acids inhibiting intestinal farnesoid X receptor (Liu 
et al. 2024). Similarly, Zhai et al. identified pathogenic roles 
for Ruminococcus gnavus-derived tryptamine and pheneth-
ylamine in gut dysbiosis–induced insulin resistance in type 
2 diabetes (Zhai et al. 2023). However, integrating findings 
from fecal and blood metabolite analyses presents challenges 
due to varying associations with taxonomic composition and 
microbial pathways. Deng et al. observed significant correla-
tions between fecal butyrate levels and gut microbiota com-
position in prevalent type 2 diabetes, suggesting fecal metab-
olites better reflect microbial changes (Deng et al. 2023). In 
our study, integrating fecal microbiome and blood metabo-
lite analyses robustly predicted DR among diabetic individ-
uals. Yet, the low abundance of Butyricicoccus (< 0.005) 
in our cohort suggests that a composite index combining 
bacterial abundances with plasma metabolites may offer a 
more suitable approach for risk assessment. Notably, fecal 
metabolites may directly reflect microbial changes, whereas 
blood metabolite analysis provides better insights into host 
responses and compensation for gut dysbiosis.

We rigorously explored various host characteristics 
potentially involved in gut microbiome signatures and the 
gut-retina axis. Investigation into dietary factors influencing 
gut microbiota composition revealed a cholesterol-enriched 
dietary pattern in DR patients and several correlations 
between dietary components and gut microbes. Despite 
recent emphasis on adjusting for dietary confounders in 
disease-microbiota crosstalk (Wang et al. 2022; Zhang et al. 
2021), our study focused on participants recruited from com-
munity health care centers with presumed shared dietary 
habits. Although shared dietary practices and sample size 
limitations may obscure differences, causal mediation anal-
ysis suggests dietary variations may influence DR occur-
rence through alterations in gut microbiota composition. 
Furthermore, consistent microbiome–PBMC transcriptomics 
correlations across prospective and cross-sectional studies 
underscore their relevance to common alterations in host 
functions associated with DR.

There are several limitations in the present study. Our 
cohort study’s small sample size may introduce potential 
for overfitting, necessitating replication in larger cohorts. 
Additionally, our microbiome profiling relied on 16S rRNA 
sequencing, providing lower resolution than metagenome 
shotgun sequencing (Ye et  al. 2019). Furthermore, not 
quantifying the comprehensive metabolic output of altered 
gut microbiota limits the understanding of their functional 
correlation with DR pathogenesis. Untargeted metabolomic 
studies may be necessary to expand our knowledge of the gut 
microbiota’s role in DR.

In conclusion, this cohort study elucidates compositional 
and functional profiles of the gut microbiota in DR patients. 
We identified microbial genera and genes highly discrimina-
tory for DR individuals and specific genus and metabolite 
prospectively associated with the development of DR. Our 
results emphasize the benefits of omics strategies in explor-
ing the biological plausibility of microbial metabolism in 
DR pathogenesis.
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