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Artificial intelligence-driven metabolomics
of retinal nerve fibre layer to profile risks of
mortality and cardiometabolic diseases

Shaopeng Yang 1,18, Zhuoyao Xin2,3,4,18, Huangdong Li1, Ziyu Zhu1,
Lisa Zhuoting Zhu 5, Xianwen Shang5, Wenyong Huang 1, Lei Zhang 6,7,8,
Mingguang He 1,9, Jost B. Jonas 10,11, Nathan Congdon 1,12,13,19 ,
Ching-Yu Cheng11,14,19 , Lingyi Liang1,19 & Wei Wang 1,15,16,17,19

Retinal nerve fibre layer (RNFL) is a non-invasive structural biomarker of car-
diometabolic health, yet its biological underpinnings remain unknown. Here,
we integrate advanced retinal optical biopsy and artificial intelligence (AI)
algorithms with two complementary metabolomic assays across ethnically
diverse cohorts to elucidate the metabolic basis underlying RNFL degenera-
tion and its link to cardiometabolic disease (CMD) in Western cohort and
Eastern cohort (Guangzhou Diabetic Eye Study, GDES). We identify 26 meta-
bolic biomarkers significantly associated with RNFL thickness, most of which
(ranging from 19 to 26) are linked to HDL composition and lipid transport,
mediating a substantial proportion of the RNFL–CMD association (e.g., 63.7%
for type 2 diabetes and 44.7% for myocardial infarction). AI-driven RNFL
metabolic state model stratifies CMD risk with up to 21.8-fold enrichment
between risk deciles and augments prediction while translating into clinical
utility across genetic and demographic strata, particularly within socially vul-
nerable populations. This integrated approach highlights RNFL metabolic
states as a sharedbasis underlying retinal–cardiometabolic connections and as
early indicators that inform equitable CMD management.

The eye with the retina as part of the central nervous system offers an
anatomically unique opportunity for a non-invasive endoscopic view
into cardiometabolic health1–3. Taking advantage of the optical trans-
parency of the eye, state-of-the-art non-invasive in vivo retinal scanning
now permits detection of subtle changes within the various retinal
layers at an unprecedented micrometre-level resolution 4,5, generating
new evidence suggesting the relevance of the retinal nerve fibre layer
(RNFL) to cardiometabolic diseases (CMDs) proposed by us and
others6–11. As these scans are risk-free, easy to administer, and require
onlyminimal expertise and time, they are increasingly being conducted
routinely in primary care settings and communities, poising RNFL as a
scalable surrogate for monitoring cardiometabolic health12–15.

Despite this promise, the biological underpinnings of the
retina–cardiometabolic connections have remained unclear. Eluci-
dating the molecular mediators of this link is crucial not only for
establishing RNFL as a valid biomarker but also for revealing early
systemic perturbations thatmay be actionable. Previous research has
shown that metabolic factors, such as serum concentrations of tri-
glycerides, low-density lipoprotein (LDL) and high-density lipopro-
tein (HDL) cholesterol, and creatinine, play a significant role in the
pathogenesis of CMDs16–21. These metabolic components exert
harmful or protective effects on cardiometabolic health by mod-
ulating lipid metabolism or suggesting renal impairment18,21. Inter-
estingly, these same circulating metabolic factors have also been
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found to affect retinal health, as evidenced by their associations with
RNFL thickness (RNFLT)22–27. Given the reciprocal relationships
observed between systemic metabolism and both RNFLT degenera-
tion and CMD outcomes, we hypothesize that a specific metabolic
basis may underlie the connection between RNFLT and CMDs, and
that characterizing these intrinsic metabolic states may enable early
risk stratification across CMD outcomes.

Recent advances in high-throughput metabolomics and machine
learninghaveofferedopportunities to characterize systemic biological
states and uncover shared disease mechanisms28,29. Building on prior
work decoding the metabolic basis underlying (1) pigment epithelium
degeneration and type 2 diabetes (T2D) and (2) retinal aging and age-
related multisystem disorders30,31, we extended this framework to
interrogate retinal–cardiometabolic connections through system-
atically profiling RNFLT-associated metabolic states and their links
withCMDrisk. (Fig. 1). To explore thepotential of the sharedmetabolic
basis in informing CMD risk, we constructed predictive models inte-
grating these metabolic insights and evaluated their performance and
clinical utility across varying genetic susceptibility. Of significant
interest is our focus on the benefits for socially vulnerable commu-
nities, aiming to mitigate entrenched health disparities in CMD man-
agement. Finally, this integrated framework was validated in an
independent cohort with distinct ethnic and clinical backgrounds,
highlighting the translational potential of RNFLT metabolic states as
early indicators of CMD risk.

Results
Participants’ characteristics
A total of 7824 participants who underwent both optical coherence
tomography (OCT) scanning andmetabolomic profiling (population-
I), along with 86,014 who underwent metabolomic profiling alone at
baseline (population-II), were included in this study (see the “Meth-
ods” section). The study population had a median age of 56.8 (8.1)
years, of whom 54.6% were women, 10.8% were ever or current
smokers, and 21.6% were on antihypertensive medication. Partici-
pants who underwent OCT scanning at baseline demonstrated a
younger age, male sex, higher educational attainment, lower smok-
ing prevalence, and a decreased likelihood of being on anti-
hypertensivemedications compared to those who did not (Table S1).
The data of an additional 1286 participants who underwent bothOCT
scanning and metabolomic profiling from the Guangzhou Diabetic
Eye Study (GDES) (population-III) are described in detail below (see
the “Methods” section).

RNFLT-associated metabolites and incident CMD risk
After adjusting for age, sex, ethnicity, assessment centre, household
income, Townsenddeprivation, education attainment, smoking status,
alcohol consumption, body mass index, use of lipid-lowering medi-
cations, enzymaticHDL cholesterol, systolicbloodpressure andHbA1c
level, and applying multiple testing corrections, a total of 26 nuclear
magnetic resonance (NMR)-based biomarkers were independently
associated with the RNFLT in population-I (Fig. 2a and Table S2).
Among these biomarkers, 24 exhibited negative associations, encom-
passing diverse constituents, such as total lipids, phospholipids, cho-
lesterol, free cholesterol, and cholesteryl esters in various subclasses
of HDL particles, as well as phosphatidylcholines, total cholines, and
apolipoprotein A1. The adjusted β for these associations spanned a
range from −0.201 (95%CI: −0.309 to −0.093) to −0.117 (95%CI:−0.229
to −0.005) per-standard deviation (SD) change. Two biomarkers
exhibited positive associations with RNFLT, specifically, the
phospholipids-to-total-lipids ratio in very low-density lipoprotein
(β =0.120; 95% CI: 0.015–0.224) and intermediate-density lipoprotein
(β =0.126; 95% CI: 0.026–0.227) subfractions. Sensitivity analyses
yielded consistent results when further adjusting for prevalent CMDs
(Table S3).

After amedian time of 12.2 (interquartile range: 11.5–12.9) years of
follow-up in population-II, a total of 6071 participants developed T2D,
2866 developed myocardial infarction, 2537 developed heart failure,
1578 developed stroke, and 6254 died, 1544 of whom succumbed to
cardiovascular events. Following adjustment for the samecovariates as
above, most of the 26 RNFLT-associated metabolites were also asso-
ciated with CMD outcomes (24 for T2D; 26 for myocardial infarction;
26 for heart failure; 19 for stroke; 19 for all-cause mortality; and 25 for
cardiovascular mortality) (Table S4). These included 126 negative
associations, with the adjusted hazard ratios (HRs) ranging from0.688
(95% CI: 0.663–0.714) to 0.969 (95% CI: 0.942–0.996) per-SD incre-
ment, as well as 13 positive associations, with the adjusted HRs ranging
from 1.048 (95% CI: 1.020–1.077) to 1.345 (95% CI: 1.308–1.383) per-SD
increment. Stratified analyses by sex, Townsend deprivation, and
educational attainment yielded consistent results (Tables S5–S7).

To assess whether these metabolic biomarkers mediate the
relationship between RNFLT and CMD risk, we conducted a media-
tion analysis comparing the mediation effect of traditional risk
factors and RNFL-associated metabolites (see the “Methods” section
and Table 1). After accounting for traditional risk factors (same as
above), most of the associations between RNFLT and CMD out-
comes remained significant, suggesting that these factors explained
only a proportion of the observed associations (e.g., 19.4% for
myocardial infarction and 7.7% for all-cause mortality). In contrast,
when RNFL-associated metabolites were included in the models, the
direct associations between RNFLT and CMD outcomes were sub-
stantially attenuated toward the null. This change suggested that
thesemetabolic biomarkers accounted for amajor proportion of the
relationship between RNFLT and CMD risk. The estimated propor-
tions were 63.7% for T2D, 44.7% for myocardial infarction, 49.3% for
heart failure, 35.8% for stroke, 17.0% for all-cause mortality, and
38.8% for CMD mortality.

RNFLT metabolic states for CMD prediction
The participants in population-II were split randomly into training and
testing sets at an 8:2 ratio to evaluate the utility of RNFL-associated
biomarkers in characterizing CMD risk (see the “Methods” section).
Baseline characteristics were comparable between the two subsets (all
P >0.05) (Table S1). We first modelled RNFLT metabolic states and
observed an increase in event rate trajectories over RNFLT metabolic
states across all CMD endpoints (Fig. 2 and S1, S2). For T2D (Fig. 2b),
participants in the top decile of RNFLT metabolic states exhibited
event rates over 20-fold higher compared to those in thebottomdecile
(HR = 21.77, 95% CI: 14.18–33.42), suggesting substantial information
encapsulated within RNFLT metabolic states for assessing the risk of
T2D. For myocardial infarction (Fig. 2d), heart failure (Fig. 2f), and
cardiovascular mortality (Fig. 2g), the ratios were greater than five
(myocardial infarction, HR = 8.04; 95% CI: 5.15–12.54; heart failure,
HR = 5.15; 95% CI: 3.38–7.85; cardiovascular mortality, HR = 5.72; 95%
CI: 3.24–10.11). Distinct separation in risk trajectories was also evident
for stroke (Fig. 2c) and all-cause mortality (Fig. 2e), with HRs of 4.23
(95% CI: 2.40–7.44) and 2.84 (95% CI: 2.22–3.63), respectively.

We then examined whether RNFLT metabolic states predict CMD
risk (see the “Methods” section). Given the substantial class imbalance
in CMD outcomes (Table S8), we quantified model performance using
the area under the precision-recall curve (AUPRC) as it provides an
unbiased assessment in imbalanced settings. C-statistics were addi-
tionally reported as a complementary metric to facilitate intuitive
interpretability and cross-outcome comparison with differing event
rates. In general, RNFLT metabolic states exhibited variable perfor-
mance acrossCMDoutcomes as assessed byC-statistics (Fig. 3a–f). For
T2D, myocardial infarction, heart failure, and CMD mortality, the
model fit solely on the RNFLT metabolic states outperformed the
Age&Sex model and all individual conventional predictors, including
age, blood pressure, enzymatic HDL cholesterol, and LDL cholesterol
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(Table S9). In the case of other CMD outcomes, the states also out-
perform most conventional predictors, demonstrating predictive
performance competitive with or second only to age. When combined
with minimal demographic characteristics (age and sex), RNFLT
metabolic states already performed comparably to most established
models (Fig. 3a–f). These findings were largely consistent when eval-
uated using C-statistics (Table S10 and Fig. S3).

To assess the ability of RNFLT metabolic states to complement
conventional models, we calculated the percent change of AUPRC
(ΔAUPRC%) to unbiasedly quantify the predictive improvement
achieved by incorporating RNFLT-associated metabolic information

into established models (see the “Methods” section). Our findings
showed that including these states resulted in a significant predictive
improvement for the six CMDoutcomes in all 30models (Fig. 3a–f and
Table S11). The most substantial improvement was observed for T2D,
with a 117.2% improvement over Age&Sex model and an average
improvement of 43.8% over all conventional models. However, the
improvement became comparable to that observed for other hard
cardiovascular outcomes when benchmarking against a model desig-
nated for predicting T2D risk (ΔAUPRC%= 9.7%). The average
improvements over conventional models were 16.8% for myocardial
infarction, 18.6% for heart failure, 17.2% for stroke, 10.6% for all-cause

Fig. 1 | Overview of the study design. a The eligible study population was cate-
gorized into three distinct groups: population-I, for identifying RNFLT metabolic
states; population-II, for unravelling revelations on CMD outcomes; and popula-
tion-III, for independent concept validation. b To identify RNFLT metabolic states,
we conducted retinal scanning and utilized two complementary metabolomic
assays. Genotyping was performed to assess genetic susceptibility in individuals.
ML algorithms were employed for comprehensive model construction and eva-
luation. c For CMD outcome risk modelling, the study populations were rando-
mized into training and testing sets. Dataset balancing techniques were applied
before feature selection and model training. d The outcomes examined in this
study include incident T2D, myocardial infarction, heart failure, stroke, all-cause
mortality, and CMD mortality. e Distinct risk stratification and improved predict-
ability and clinical utilitywereobserved for all studiedoutcomes. fSpecial attention

wasgiven to extending thebenefits towomen and socially vulnerable communities.
g Comprehensive sets of predictors commonly used in the CMD primary preven-
tion were incorporated as benchmark models. Parts of panels a–d and f were cre-
ated from BioRender (https://BioRender.com/yu7axft) and Flaticon (https://
flaticon.com). RNFLT retinal nerve fibre layer thickness, CMD cardiometabolic
disease, UKB UK Biobank, GDES Guangzhou Diabetes Eye Study, T2D type 2 dia-
betes, FGCRS Framingham General Cardiovascular Risk Score, SCORE2 Systematic
Coronary Risk Evaluation 2, WHO-CVD World Health Organization Cardiovascular
Disease, AHA-ASCVD American Heart Association-Atherosclerotic Cardiovascular
Disease, UKPDS UK Perspective Diabetes Study, NZ-DCS New Zealand Diabetes
Cohort Study, WAN Wan’s model, BMI body mass index, eGFR estimated glo-
merular filtration rate, HDL-c high-density lipoprotein cholesterol.

Fig. 2 | RNFLTmetabolic state profile stratifies CMDoutcome risk. a Attribution
ofmetabolic biomarkers to the outcome-specificML-driven RNFLTmetabolic state
(n = 17,203). Individual attributions are aggregated by percentiles, with each dot
representing one percentile. The distance of a dot from the circular baseline
reflects the strength of the absolute attribution for that percentile. Deviations
towards the centre and periphery indicate negative and positive contributions,
respectively. Brick colours denote outcomes, while dot colours represent the
normalized values for each metabolic biomarker. b–g Cumulative event rates

throughout the observation period for CMD outcomes (n = 17,203), stratified by
RNFLTmetabolic state quantiles. Data are presented as observed event frequencies
with 95% CIs shown as shading derived from survival proportions. Red represents
the top decile, yellow represents the middle and blue represents the bottom.
Illustrations of uniform risk scales are provided in Supplementary Figs. S1 and S2.
Source data are provided as a Source Data file. RNFLT retinal nerve fibre layer
thickness, ML machine learning, CMD cardiometabolic disease, HDL high-density
lipoprotein, VLDL very low-density lipoprotein, T2D type 2 diabetes.
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mortality, and 20.1% for CMD mortality. Findings from C-statistics
(Fig. S3 and Table S12) and across alternative modelling approaches
were largely consistent (Supplementary Results and Table S13).

By calculating polygenic risk scores (PRSs) using genotyped data
and meta-analysed external genome-wide association study (GWAS)
summary statistics, participants were stratified by genetic suscept-
ibility to CMDs (see the “Methods” section). We prioritized C-statistics
to facilitate cross-outcome comparison. In general,models integrating
RNFLT metabolic states shared consistent improvement across vary-
ing risk categories (Table 2). In populations at high genetic risk, RNFLT
metabolic states improved the predictability of most CMD outcomes
over FGCRS, except for myocardial infarction (Fig. 3g). While these
states provided greater incremental value for heart failure in high
genetic risk populations, lower genetic risk populations typically
experienced greater improvement in CMD outcome prediction.
Additional analyses stratified by PRS for T2D generated from two
external GWAS datasets32,33 yielded consistent findings in the T2D
assessment (Table S14).

While improvement in discriminatory power is pivotal, it is
imperative to evaluate the practical clinical utility of these models
(Fig. 4).Weobserved that allmodelswerewell-calibrated for eachCMD
outcome (Fig. 4a–f). Decision curve analyses demonstrated that
improvements in predictability generally lead to greater enhance-
ments in clinical utility (Fig. 4g–l). The integration of RNFLTmetabolic
states either reduced or eradicated the discrepancy between the
Age&Sexmodel and the establishedmodel (FGCRS). Furthermore, the
integration of theseRNFLmetabolic states into the FGCRS contributed
to additional improvements in clinical utility across all six CMD out-
comes, spanning a wide range of clinical decision thresholds
(Fig. 4g–l). Net reclassification improvement for integrating RNFLT
metabolic states was moderate yet consistent for all CMD outcomes
and models in Table 3.

Benefits to populations experiencing health inequalities
As health disparities exist in CMD outcomes and access to healthcare
across diverse population groups34–37, we were interested in the
potential benefits of incorporating RNFLT metabolic states for popu-
lations experiencing health inequalities. To address this, we quantified
the disparities in discriminatory benefits across different groupswith a
particular focus on social health determinants, including sex, depri-
vation, and educational attainment (Fig. 5).

In line with previous reports34,35, we observed sexual disparities
in CMD risk prediction, as the models fitted on FGCRS predictors
exhibited stronger discriminatory power for men compared to

women across most CMD outcomes (Fig. 5a–f). However, with the
inclusion of RNFLT metabolic states, we observed significantly
greater improvements in women’s risk prediction across all CMD
outcomes, even in cases where women did not exhibit a pre-existing
disadvantage (Fig. 5c and d). This resulted in the eradication or
narrowing of the performance gap for CMDs across sexes. In the case
of T2D (Fig. 5a) and CMD mortality (Fig. 5f), the substantial
improvements observed in women even led to a reversal of the
performance gap, where women surpassed men in terms of dis-
criminatory power. Furthermore, integrating RNFLTmetabolic states
also led to the eradication or narrowing of the prediction gap
experienced by socioeconomically disadvantaged populations and
those with reduced educational attainment (Fig. 5g–r and Supple-
mentary Results). After employing data balancing techniques38 to
address potential biases in the dataset, the main results were con-
sistent (Tables S15 and S16). Taken together, RNFLT metabolic states
may represent the common basis of early CMD pathogenesis across
demographic strata, narrowing the prediction gap experienced by
socially disadvantaged populations.

Extrapolation in an independent cohort
Leveraging data from the GDES39 (Table S17), we extrapolated our
analytic framework to an ethnically distinct cohort of 1286 partici-
pants who underwent both OCT scanning and metabolomic profil-
ing at baseline (population-III) (Fig. 6). Our findings demonstrated
significant associations among 673 metabolites with RNFLT
(Table S18), with the vast majority (n = 457 and 279) also associated
with incident cardiovascular disease (CVD) (Fig. 6a and Table S19)
andmortality (Table S20), indicating their relevance between RNFLT
and CMD outcomes across multiple biological processes (Fig. S4).
The panorama of these revelations encompassed the replication of
phospholipids, phosphoglycerides, cholines and phosphatidylcho-
lines across assays, while offering additional insights spanning a rich
spectrum, including aminos, benzene derivatives, alcohols, amines,
coenzymes, nucleotides, carbohydrates, organic acids, fatty acids,
and heterocyclic compounds (Fig. 6a), which fell beyond the scope
of assays in the UKB cohort. Enrichment analyses implicated several
biological pathways related to these metabolites, such as aminoacyl-
tRNA biosynthesis, arginine and phenylalanine metabolism, glu-
tathione metabolism, as well as nicotinate and pantothenate meta-
bolism (Fig. S4).

RNFLT metabolic states remained the most powerful predictors
for incident CVD and mortality (Tables S21 and S22), and their inte-
gration into both Age&Sex models and FGCRS yielded significant

Table 1 | The mediation effect of traditional risk factors and RNFLT-associated metabolites on the association between RNFLT
and CMD risks

Outcomesa Base modelsb Base + traditional risk factorsc Base + RNFLT metabolites

HR (95% CI) Padj
d HR (95% CI) Padj

d %e HR (95% CI) Padj
d %e

T2D 0.85 (0.81–0.89) 2.0 × 10−10 0.92 (0.87–0.97) 0.012 49.2 0.94 (0.83– 1.06) 0.879 63.7

Myocardial infarction 0.83 (0.77–0.89) 1.3 × 10−6 0.86 (0.80–0.93) 0.001 19.4 0.90 (0.77–1.06) 0.879 44.7

Heart failure 0.70 (0.63–0.77) 1.5 × 10−12 0.74 (0.61–0.90) 0.012 16.4 0.83 (0.70–0.99) 0.221 49.3

Stroke 0.89 (0.80–0.98) 0.022 0.91 (0.82–1.01) 0.074 21.6 0.93 (0.75–1.15) 0.879 35.8

All-cause mortality 0.87 (0.82–0.92) 1.1 × 10−5 0.88 (0.78–0.98) 0.051 7.7 0.89 (0.78–1.01) 0.346 17.0

CMD mortality 0.79 (0.71–0.89) 2.5 × 10−4 0.83 (0.73–0.95) 0.024 20.4 0.87 (0.68–1.12) 0.879 38.8

RNFLT retinal nerve fibre layer thickness, CMD cardiometabolic disease, T2D type 2 diabetes.
aData are presented as per-SD change in RNFLT (n = 86,014).
bBase model was adjusted for age, sex, ethnicity, and assessment centre.
cTraditional risk factors include household income, Townsend deprivation, education attainment, smoking, alcohol, body-mass index, use of lipid-loweringmedications, enzymatic assay-basedHDL
cholesterol, systolic blood pressure, and HbA1c level.
dAdjusted P were calculated through two-sided Wald tests followed by controlling FDR for multiple testing. Bold indicates significance. Adjusted P values were set identically when their step-up
thresholds were truncated to a shared minimum.
ePercent change in HR coefficient. The proportion mediated by traditional risk factors and RNFL-associated metabolites may sum up to over 100% as these two proportions were calculated
independently in mutually adjusted models.
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improvements across the overall population (Fig. 6b and
Tables S23 and S24) and those with high genetic susceptibility (Fig. 6d
andTable 3). Since theGDES cohort represents a diabeticpopulation39,
we included three additional benchmarkmodels (UKPDS, NZ-DCS and
WAN)40–42 customized for the diabetic population, alongside FGCRS
for general population risk assessment, where consistent improve-
ments were observed across all models (Fig. 6b, S5 and Tables S25,
S26). The decision curve analysis revealed further improvement in

clinical utility with the addition of these states (Fig. 6c and e). The
findings of comparison analyses across sexes, social classes and edu-
cation attainment were replicated, where prediction models for
women, individuals with low income and those without university
education yielded more substantial improvements compared to their
respective counterparts (Fig. 6f–h and Table 4). As observed in the
UKB, the substantial improvements observed in the case of women
even led to a reversal of the performance gap, where women

D

2D

Fig. 3 | Improvement in predictive performance across baseline models and
genetic susceptibility incorporating RNFLTmetabolic state. a–f Comparison of
model performance, including the Age&Sex model, established models, and
models incorporating RNFLT metabolic states to predict CMD outcomes, esti-
mated using AUPRC (n = 17,203). Data are presented as estimated coefficients
(dots) with 95% CIs indicated by error bars. Different colours denote distinct
models, with horizontal dashed lines indicating the performance benchmarks set
by the Age&Sex model and four established models. g Comparison of the added
benefits derived from integrating RNFLT metabolic states into established models

for predicting CMD outcomes across varying genetic susceptibility (n = 17,203).
Data are presented as estimated coefficients (dots) with 95% CIs indicated by error
bars. Source data are provided as a Source Data file. CMD cardiometabolic disease,
AUPRC area under precision-call curve, RNFLT retinal nerve fibre layer thickness,
RNFLT METRNFLT metabolic state, T2D type 2 diabetes, FGCRS Framingham
General Cardiovascular Risk Score, SCORE2 Systematic Coronary Risk Evaluation 2,
WHO-CVD World Health Organization Cardiovascular Disease, AHA-ASCVD Amer-
ican Heart Association-Atherosclerotic Cardiovascular Disease.
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outperformed their men counterparts in terms of discriminative per-
formance (Fig. 6f).

Discussion
Here, we propose and validate the concept of a sharedmetabolic basis
that underlies the observed associations between RNFL degeneration
and CMD risk, with the hypothesis that characterizing thesemetabolic
states may enable early risk stratification across CMD outcomes. We
demonstrate that (1) metabolomic approaches enable a comprehen-
sive view onto the RNFLT metabolic landscape; (2) RNFLT metabolic
states characterize risks of a spectrum of CMD outcomes, mediating a
large proportion of the RNFLT–CMD connection; (3) CMD risk trajec-
tories were distinctly separated when stratified by RNFLT metabolic
states; (4) RNFLT metabolic states captured residual risk that eludes
quantificationby traditional risk factors; (5) theperformance remained
consistent across diverse genetic susceptibility; and (6) these states
rectified prediction disparities among populations experiencing
health inequalities. Replicated in ethnically distinct cohorts, our inte-
grated approach demonstrates the potential to identify a shared

RNFL–CMDmetabolic basis that complements cardiometabolic health
prediction across the societal spectrum.

RNFL represents the axons of retinal ganglion cells and has
recently emerged as a structural proxy for cardiometabolic health6–11.
Building on our prior work elucidating the metabolic basis of retinal
pigment epitheliumdegeneration and retinal aging in relation to type2
diabetes and age-related multisystem disorders30,31, we extended this
framework to interrogate retinal–cardiometabolic connections. By
integrating high-throughput metabolomics with high-resolution OCT
B-scan datasets across two large cohorts, we identified distinct meta-
bolic states that reflect both subtle neuroretinal alterations and future
CMD risk. Notably, mediation analyses demonstrated that these
metabolic states account for a substantial proportion of the
RNFLT–CMD associations, suggesting a common metabolic basis
linking RNFL degeneration and systemic cardiometabolic regulation.
As expected, these states exhibited robust and generalizable pre-
dictive value across multiple CMD outcomes, highlighting unified risk
stratification through a shared metabolic basis. Together, these find-
ings position the RNFL not only as a valid biomarker of CMD risk but
also as ametabolically informative tissue that captures subtle systemic
perturbations in early CMD pathogenesis.

Since RNFLT metabolic states capture the shared biological basis
of early CMDsbeyond traditional risk factors,we hypothesize that they
hold promise in bridging the extant gaps in cardiometabolic health
inequities, as endorsed by the Lancet Commissions34,35. Our findings
suggest that RNFLT metabolic states incorporate vital components of
CMD risk that traditional approaches overlook, with a significant
portion of which were particularly beneficial for women, as women
exhibited remarkable improvement in CMD risk prediction, surpassing
men and even reversing the prediction gap in certain outcomes. These
findings were reinforced through external replication in an ethnically
distinct cohort, aligning with prior evidence that highlights the
stronger contribution of metabolic factors in women than men43.
Notably, the sex-specific improvement cannot be attributed to
“regression to the mean,” as women consistently manifested superior
improvement to men, irrespective of any prior disadvantages or
advantages. Moreover, the disparity is unlikely to result from dataset
imbalance, as our results remained robust across various techniques
employed to correct for this issue. An extended discussion of benefits
for socially vulnerable populations is available in Supplementary
Discussion.

Genetic susceptibility exerts substantial risk variability for devel-
oping CMDs over one’s lifespan44. To ascertain how RNFLT metabolic
states inform CMD risk across different genetic profiles, we generated
outcome-specific PRSs from four comprehensive meta-analysed
external GWAS datasets32,33,45–48. Our results demonstrate that RNFLT
metabolic states consistently improvedCMDpredictionacross varying
genetic susceptibility, a finding that was further confirmed in an eth-
nically distinct cohort. Notably, this improvement was particularly
prominent in low genetic risk populations, whereas those at high
genetic risk tended to benefit more from traditional predictors. One
possible explanation is that in low genetic risk populations, traditional
predictors may contribute modestly to their overall risk, while in high-
risk populations, the improvement from RNFLT metabolic states may
be overshadowed by the dominance of traditional predictors and the
potential overlap of information provided. In contrast, in low-risk
populations, RNFLT metabolic states offer more substantial improve-
ment due to the relative absence of these traditional predictors. In
addition, the consistent improvement across assays and modelling
approaches further supports the robustness of our findings (Supple-
mentary Discussion).

Previous studies have established the protective role of HDL
concentration against both RNFL thinning and CMDs16,20,22. Our
findings extend this by demonstrating that, even after accounting for
enzymatic assay-based HDL concentration, all NMR-based findings

Table 2 | The added values of RNFLT metabolic states for
CMDs prediction across genetic risk subgroups

Populationa C-statistics Padj
d

Integrated
modelsb

Baseline
modelsc

Benefits

Overall population

T2D 0.85 0.81 0.04 4.00 × 10−14

Myocardial
infarction

0.78 0.76 0.02 0.006

Heart failure 0.76 0.74 0.02 0.009

Stroke 0.72 0.68 0.04 1.98 × 10−3

All-cause
mortality

0.74 0.72 0.02 1.98 × 10−3

CMD
mortality

0.77 0.74 0.04 0.005

Low genetic risk

T2D 0.84 0.80 0.05 2.36 × 10−6

Myocardial
infarction

0.77 0.71 0.06 0.003

Heart failure 0.73 0.72 0.02 0.204

Stroke 0.72 0.65 0.06 0.006

All-cause
mortality

0.72 0.70 0.02 0.019

CMD
mortality

0.77 0.70 0.07 0.011

High genetic risk

T2D 0.85 0.81 0.04 3.38× 10−6

Myocardial
infarction

0.79 0.77 0.02 0.102

Heart failure 0.75 0.71 0.04 0.004

Stroke 0.70 0.65 0.05 0.011

All-cause
mortality

0.75 0.74 0.02 0.037

CMD
mortality

0.79 0.75 0.04 0.003

RNFLT retinal nerve fibre layer thickness, CMD cardiometabolic disease, T2D type 2 diabetes.
aHigh genetic susceptibility was determined as the top 50% polygenetic risk for cardiovascular
diseases derived from three meta-analysed external genome-wide association study datasets:
100,000 Genomes Project, Multi-Ethnic Cohort, and the Multi-Ethnic Study of Atherosclerosis.
bModels that integrated RNFLT metabolic states (n = 17,203).
cBaseline models were based on the Framingham General Cardiovascular Risk Score.
dP values were calculated through a two-sided normal approximation based on the bootstrap-
derived distribution from 1000 non-parametric iterations, followed by controlling FDR for mul-
tiple testing. Bold indicates significance.
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remained robust. This suggests that variability in HDL particle
properties (size, density, and chemical composition) may be at least
as important as HDL concentration in retinal and cardiometabolic
physiology. Unlike traditional enzymatic assays that measure con-
centration following chemical precipitation separation, NMR assays
employ deconvolution based on diffusion and relaxation properties,
generating composite metrics that integrate both particle properties
and lipid concentration. For instance, the higher molecular mobility
of cholesterol in small HDL particles extends their T2 relaxation
times, resulting in reduced linewidth attenuation in the presaturated
proton spectra and thus stronger signals than their larger counter-
parts. In addition to cholesterol metabolism, findings on alterations
in other lipid components, including phospholipids, phosphogly-
cerides, cholines, and phosphatidylcholines, were also confirmed
across assays.

Beyond overlapping findings, the higher sensitivity of LC–MS
enabled the detection of low-abundance metabolites that eluded
NMR profiling. Phenylalanine and arginine metabolism are among
the top pathways enriched. Confirmed in apoA-I knockout mice49,
disruptions in phenylalanine metabolism have been linked to
reduced apolipoprotein expression50, while arginine modulates
endothelial function and supports HDL-mediated anti-inflammation
and cholesterol transport51. Glutathione maintains HDL stability by
supporting HDL-associated enzymes and the glyoxalase system52. Its
depletion has been implicated in HDL structural contraction and
particle shrinkage53, which aligns with NMR findings on shifts in HDL
subclasses. In addition, enrichment of linoleic acid and vitamin
metabolism indicates broader perturbations in membrane lipid
composition and coenzyme biosynthesis, both of which are crucial
for HDL’s structural integrity and phospholipid exchange. While
specific metabolites were not directly matched across platforms,
these findings provide complementary biochemical insights that
converge on HDL remodelling, positioning RNFL as a downstream
reflection of systemic metabolic perturbations in the early stages of
CMD pathogenesis.

Several limitations pertain to our findings. First, the metabolic
landscape of RNFLT is extensive, thus posing a challenge for any single
metabolomic assay to comprehensively profile it. To address this, we
integrated a complementary metabolomic assay, broadening our
analysis beyond the scope of a solitary platform. Although more
extensive metabolite coverage would be expected to further improve
the model, our proof-of-concept is platform agnostic. Second, the
predominance of European participants in the UKB and Chinese par-
ticipants in the GDES limits generalizability to other ethnicities, parti-
cularly given the limited representation of Black individuals. Further
studies in more diverse populations are warranted. Third, the avail-
ability of retinal scanning and metabolomic assays was restricted to a
subset ofUKBparticipants, thus limiting the sample size for identifying
RNFLT metabolic states. Fourth, the limited number of participants
longitudinally followed to amortality outcomewithin theGDES cohort
precluded replication of mortality across demographic groups. Fifth,
this study relied on a single timepoint retinal scan and metabolomic
assay, constraining our ability to capture dynamic RNFLT fluctuations
and corresponding metabolic states over time. Finally, this study
remains exploratory, pending further validation and mechanistic
enquiry.

Table 3 | Reclassification improvement of integrating RNFLT
metabolic states

Baseline modelsa NRI (case) NRI (non-case) Additive NRIb

T2D

Age&Sex 0.286 0.243 0.529

FGCRS 0.080 −0.010 0.070

SCORE2 0.204 0.095 0.299

AHA/ASCVD 0.117 0.006 0.123

WHO-CVD 0.094 −0.022 0.072

FRS for T2D 0.012 0.024 0.035

Myocardial infarction

Age&Sex 0.089 −0.015 0.074

FGCRS 0.011 0.001 0.011

SCORE2 0.021 0.020 0.041

AHA/ASCVD 0.005 0.048 0.053

WHO-CVD 0.011 0.007 0.017

Heart failure

Age&Sex 0.054 0.034 0.089

FGCRS 0.006 0.010 0.015

SCORE2 0.004 0.028 0.032

AHA/ASCVD 0.009 0.020 0.030

WHO-CVD 0.006 0.010 0.016

Stroke

Age&Sex 0.095 0.047 0.142

FGCRS 0.003 0.020 0.024

SCORE2 0.010 0.020 0.030

AHA/ASCVD 0.042 0.023 0.066

WHO-CVD 0.039 0.027 0.066

All-cause mortality

Age&Sex 0.028 −0.010 0.017

FGCRS 0.001 0.006 0.007

SCORE2 0.016 0.018 0.033

AHA/ASCVD 0.025 0.045 0.069

WHO-CVD 0.007 0.003 0.010

CMD mortality

Age&Sex 0.072 0.031 0.103

FGCRS 0.022 0.010 0.032

SCORE2 0.050 0.021 0.071

AHA/ASCVD 0.072 0.022 0.093

WHO-CVD 0.016 0.012 0.027

RNFLT retinal nerve fibre layer thickness, T2D type 2 diabetes, NRI net classification improve-
ment.
aBasic models for CMD outcomes include minimal demographic characteristics (Age&Sex),
FraminghamGeneral Cardiovascular Risk Score (FGCRS), Systematic Coronary Risk Evaluation 2
(SCORE2) algorithms, American Heart Association/Atherosclerotic Cardiovascular Disease
(AHA/ASCVD) algorithms, and World Health Organization Cardiovascular Disease (WHO-CVD)
risk charts. Framingham risk scores for T2D algorithms were additionally included for T2D
assessment.
bThe reclassification improvement was calculated by adding the percentage of patients with an
event correctly reclassified to the percentage of patients without an event correctly reclassified
(n = 17,203).

Fig. 4 | Model calibration and clinical utility incorporating RNFLT
metabolic state. a–f Calibration for Age&Sex (dotted line), the combination of
Age&Sex with RNFLT metabolic states (sky blue), FGCRS (dashed line), and the
combination of FGCRS with RNFLT metabolic states (red) in predicting CMD
outcomes (n = 17,203). Flesh indicates optimal calibration. g–l Net benefit of clin-
ical utility standardized by endpoint prevalence (n = 17,203), with horizontal

dottedgrey lines indicating ‘treatnone’ and vertical solidgrey lines indicating ‘treat
all’. Shaded areas represent the incremental benefit of integrating RNFLT meta-
bolic states into the Age&Sex model and FGCRS, respectively. Source data are
provided as a Source Data file. RNFLT retinal nerve fibre layer thickness, RNFLT
MET RNFLT metabolic state, FGCRS Framingham General Cardiovascular Risk
Score, T2D type 2 diabetes.
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Fig. 5 | Comparison of absolute performance and benefit in predicting CMD
outcomes across different demographic groups. a–f Comparison across sexes
(n = 9380 for females and n = 7823 for males). g–l Comparison across socio-
economic statuses (n = 8587 for high deprivation and n = 8591 for low deprivation).
m–r Comparison across educational attainment (n = 6939 for university and
n = 10,038 for non-university). Data are presented with bars representing the

performance and benefits of various demographic groups, with 95% CIs indicated
by error bars. Each bar represents a model-level C-index or ΔC-index calculated
from all individuals within the corresponding subgroup. Source data are provided
as a Source Data file. RNFLT METRNFLT metabolic state, FGCRS Framingham
General Cardiovascular Risk Score, T2D type 2 diabetes, TDI Townsend depriva-
tion index.
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In conclusion, our integrated approach provided a framework for
deciphering retinal–cardiometabolic connections. Through compre-
hensive assessments of the shared basis between the eyes and the
body, our approach implicated RNFLT metabolic states in the early
pathogenesis of multiple CMD outcomes, thereby augmenting risk
prediction and clinical utility while bridging the prediction gaps
among sexes and socially vulnerable populations. With the booming
use of retinal scanning in primary healthcare settings, our findings
provide evidence for a scalable, AI-driven oculomic approach that
bridges ocular phenotypes with systemic health profiles.

Methods
Study population
The UKB study is a prospective, multicentre cohort study that recrui-
ted over 500,000 participants aged 40–69 years from 22 assessment
centres across the United Kingdom54. Baseline assessments, including
questionnaires, medical interviews, physical examinations and blood

tests, were conducted between 2006 and 2010. The GDES is a
community-based cohort study that recruited over 2500 patients with
diabetes aged 35–85 in Guangzhou, China30. Baseline assessments
were conducted from 2017 to 2019. The study was conducted in
accordance with the principles of the Declaration of Helsinki and
approved by the Northwest Multicenter Research Ethics Committee
(11/NW/0382) and the Ethics Committee of Zhongshan Ophthalmic
Center (2017KYPJ094). Prior to any engagement, written informed
consent was obtained from all participants. The study adhered to the
Strengthening theReporting ofObservational Studies in Epidemiology
(STROBE) and Standards for Reporting of Diagnostic Accuracy Studies
(STARD) guidelines for reporting.

The UKB participants were categorized into three non-
overlapping groups: (1) population-I comprised individuals who
underwent both OCT scanning andmetabolomic profiling (n = 7824);
(2) population-II underwent metabolomic profiling only, without
OCT scanning (n = 86,014); and (3) the remaining individuals were
excluded from the analysis15. Participants with prevalent glaucoma,
retinal disorders (including retinal detachment and break, retinal
vascular occlusion, and others), and neurodegenerative diseases
were further excluded from population-I because of the potential for
secondary retinal destruction. Further information on the specific
eligibility criteria for each population group can be found in the
Supplementary Methods. The UKB population-I was used to identify
RNFLT metabolic states, while population-II was used for down-
stream analyses. Replication in an independent cohort was con-
ducted in a subset of the population that underwent both eligible
OCT scanning and metabolomic profiling in the GDES cohort
(population-III).

Metabolomic profiling
High-throughput proton NMR (1H-NMR) (Nightingale Health, Finland)
was employed to quantify the metabolite concentrations from the
plasma samples of the participants29,55–57. Cryopreserved EDTA plasma
samples were thawed and subjected to centrifugation to separate the
supernatant. This supernatant was then mixed with phosphate buffer
to create the samplemixture. The prepared samples were loaded onto
a specialized cooled sample changer. Two distinct NMR spectra were
recorded for each plasma sample using a high-resolution 500MHz
NMR spectrometer (Bruker AVANCE IIIHD, USA). One of these spectra
characterized resonances originating from proteins and lipid lipo-
protein particles, while the other spectrum detected resonances from
low-molecular-weight metabolites. Following quality control pro-
cesses, metabolic biomarkers were quantified using the Nightingale
Health Biomarker Quantification Library 2020. Detailed information
can be found in the Supplementary Methods.

OCT imaging
Spectral-domain OCT was performed in an enclosed darkroom with a
Topcon 3D OCT-1000 Mk II system (Topcon, Japan)58–60. The system
had an axial resolution of 6μmand an image acquisition rate of 18,000
A-scans/s. The imaging was performed using a 3D 6 × 6mm macular
volume scan mode centred at the fovea, with a scan density of 512

Fig. 6 | Extrapolation in the GDES. a Landscape of the RNFLT metabolic state
profile for cardiovascular disease captured by complementary LC–MS assays
(n = 1286). Individual metabolite attributions are aggregated by percentiles, with
each dot representing one percentile. The distance of a dot from the circular
baseline reflects the strength of the absolute attribution for that percentile.
Deviations towards the centre and periphery signify negative and positive con-
tributions. Dot colours indicate the normalized values for each metabolite. b–e
Comparison of predictability (b and d) and clinical utility (c and e) between
established models and models incorporating RNFLT metabolic states for pre-
dicting cardiovascular disease across varying genetic susceptibility (n = 1286)

(d and e). Data are presented as estimated performance for different models and
genetic susceptibility contexts with 95% CIs indicated by error bars. Shaded areas
illustrate the incremental net benefit of incorporating RNFLTmetabolic states into
established models. f–h Comparison of performance for predicting cardiovascular
diseases across different demographic groups (n = 1286): sex (f), income (g), and
educational attainment (h). Colours denote the absolute performance and benefits
of various demographic groups. Source data are provided as a Source Data file.
GDES Guangzhou Diabetic Eye Study, RNFLT METRNFLT metabolic state, FGCRS
Framingham General Cardiovascular Risk Score, UKPDSUK Perspective Diabetes
Study, NZ-DCS New Zealand Diabetes Cohort Study, WAN Wan’s model.

Table 4 | Incremental predictability of integrating RNFLT
metabolic states for cardiovascular disease prediction across
subgroups in the Guangzhou Diabetic Eye Study (GDES)

Population C-statistics Padj
c

Integrated
modelsa

Baseline
modelsb

Benefits

Overall
population

0.74 0.61 0.13 0.008

Genetic risk groupsd

High
genetic risk

0.72 0.56 0.16 0.029

Low
genetic risk

0.75 0.53 0.22 0.008

Sex

Women 0.72 0.52 0.20 0.002

Men 0.70 0.57 0.13 0.153

Income

Below
60k CNY

0.76 0.60 0.16 0.022

60k CNY
and above

0.70 0.59 0.11 0.362

Educational attainment

High School
and below

0.79 0.57 0.22 0.004

University
and above

0.64 0.55 0.09 0.075

RNFLT retinal nerve fibre layer thickness, GDES Guangzhou Diabetic Eye Study.
aModels that integrated RNFLT metabolic states (n = 1286).
bBaseline models were based on the Framingham General Cardiovascular Risk Score.
cP values were calculated through a two-sided normal approximation based on the bootstrap-
derived distribution from 1000 non-parametric iterations, followed by controlling FDR for mul-
tiple testing. Bold indicates significance. Bold indicates significance.
dHigh genetic susceptibility was determined as the top 50% polygenetic risk for cardiovascular
diseases derived from three meta-analysed external genome-wide association study datasets:
100,000 Genomes Project, Multi-Ethnic Cohort, and the Multi-Ethnic Study of Atherosclerosis.
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A-scans × 128 B-scans within 3.7 s. The Topcon Advanced Boundary
Segmentation algorithm automatically segmented the retinal layers
and determined the average RNFLT as the distance from the internal
limiting membrane to the nerve fibre layer-ganglion cell layer
junction61. Image quality scores, internal limiting membrane indica-
tors, validity counts, and motion indicators were recorded for quality
control (Supplementary Methods). Images with low signal strength
(<45) or poor segmentation or centration (the worst 20% for each
metric) were excluded from analysis. In cases in which both eyes of a
participant met the eligibility criteria, the right eyes were selected for
further analysis.

Outcomes and covariates
The Hospital Episode Statistics database, ScottishMorbidity Record and
Patient Episode Database were used to record inpatient hospital records
for England, Scotland, and Wales. Mortality data were obtained from
national datasets with the National Health System (NHS) Digital and the
NHS Central Register. The assessment of CMD outcomes and the
recording of the primary causes of death were based on the Interna-
tional Classification of Diseases-10. The follow-up period was from 16
March 2006 to 31 March 2021. Person days for each participant were
calculated from the date of baseline assessment to the date of disease
onset, death, or the end of follow-up, whichever came first. Details of the
covariate assessment are available in Supplementary Methods.

Genotyping and outcome-specific PRS
The PRSs for both T2D and CVDwere computed to identify genetically
high-risk individuals. Genotyping was conducted using the UK BiLEVE
Axiom Array or the UKB Axiom Array. Quality control processes and
imputation were conducted based on the Haplotype Reference Con-
sortium and UK10K haplotype resources54. External GWAS summary
statistic data were meta-analysed via fixed-effect inverse variance
meta-analysis, with a correction for sample overlap where required62.
The PRS algorithms were constructed based on outcome-specific
meta-analyses using a Bayesian approach. Per-individual PRSs were
computed as the genome-wide summation of per-variant posterior
effect sizes multiplied by allele dosage. After generating raw PRSs
using the derived weights, centring and standardization were applied
to produce corrected PRSs (Supplementary Methods).

RNFLT-associated metabolites and their linkage to CMD
outcomes
The associations of metabolic biomarkers with RNFLT were assessed
using multilevel linear regression models after adjusting for age, sex,
ethnicity, assessment centre, household income, Townsend depriva-
tion index, education, smoking, alcohol consumption, body mass
index, use of lipid-lowering medications, enzymatic assay-based HDL
cholesterol, systolic blood pressure, and HbA1c level. Sensitivity ana-
lyses were performed by further adjusting for prevalent CMDs. The
Benjamini–Hochberg method was employed to reduce the false-
positive rate. Biomarkers that reached statistical significance after
multiple testing were identified as RNFLT metabolic states.

The RNFLT-associated metabolites were further analysed using
Cox proportional hazards models for the risk of six CMD outcomes,
accounting for the same covariates while accounting for both time-
event data and censored observations63. Participants with a baseline
CMDdiagnosiswereexcluded from the corresponding analysis (e.g., in
the case of the T2D endpoint, participants with baseline T2D were
excluded). A mediation analysis was conducted to estimate the med-
iation effect of traditional risk factors and RNFLT-associated metabo-
lites on the associationbetweenRNFLT andCMDrisk.We assessed it as
the percentage change in adjusted Cox proportional hazards coeffi-
cients for each CMD outcome after adjusting for the metabolites of
interest. The proportional hazard assumption was tested using the
Schoenfeld residual method and was satisfied for each model.

Model development and evaluation
We employed Random Forest and several other traditional machine
learning (extreme gradient boosting, support vector machine, least
absolute shrinkage and selection operator, and ridge) and deep learning
(multilayer perception and convolutional neural network) approaches
to model CMD outcome risk. The datasets were randomly split into
training and testing sets at an 8:2 ratio. In the case of deep learning
modelling, an additional subset of the training data (20%) was set aside
for validation, duringwhich loss reductionmonitoringwasperformed to
ensure optimal model performance. Hyperparameters were fine-tuned
through a grid search for optimal model configurations64. Detailed
modelling procedures can be found in the Supplementary Methods.

Model evaluation was performed in the fully withheld testing
set. Participants were stratified based on the predicted RNFLT
metabolic states, which were derived from the respective RNFLT
metabolic models for each CMD outcome, and cumulative event
rates were compared across the top, middle and bottom 10% of
states for each CMD outcome15,29. The AUPRC and Harrell’s C-statistic
were calculated to assess the predictive value of the RNFLT meta-
bolic states for each CMD outcome and were also benchmarked
against individual conventional predictors. While the C-statistic
provides an overall measure of discrimination, it assigns equal
weight to false positives and false negatives and therefore distorts
performance in imbalanced datasets. Given that the positive-to-
negative ratios across CMD outcomes ranged from 1:99 to 7:93
(Table S10), AUPRC was prioritized to evaluate absolute and incre-
mental performance for each individual outcome, as it provides an
unbiased assessment in imbalanced settings. Notably, the baseline
(no-skill) AUPRC varies by outcome and corresponds to the event
rates in the dataset: 0.06 for T2D, 0.03 for myocardial infarction,
0.03 for heart failure, 0.02 for stroke, 0.07 for all-cause mortality,
and 0.02 for CMDmortality. As such, interpretation of AUPRC values
should be made relative to these outcome-specific baselines rather
than on absolute magnitude alone. C-statistics were additionally
reported as a complementary metric to facilitate intuitive interpret-
ability and cross-outcome comparison with differing event rates.

We evaluated the incremental predictability of these states com-
pared to the Age&Sex model and a spectrum of conventional algo-
rithms for CMD prediction (FGCRS65, SCORE266, AHA/ASCVD67, WHO-
CVD68, FRS for T2D69, NZ-DCS40, UKPDS41 and Wan’s model42), where
applicable. Calibration plots were built to assess the goodness of
model fit, and decision curve analyses were performed to estimate net
benefits in clinical utility. The reclassification improvement was cal-
culated by adding the percentage of patients with an event correctly
reclassified to the percentage of patients without an event correctly
reclassified, at a risk category of <5%, 5–10%, and >10%. Further sub-
group analyses were conducted on different genetic susceptibility,
sexes, social classes, and educational attainment.

Extrapolation in an independent cohort
At baseline, all GDES participants underwent retinal OCT scanning
(SS-OCT, DRI OCT Triton; Topcon, Japan) using a 3D Macula Cube
7 × 7mm scan mode centred on the fovea15,30. A built-in software
(IMAGEnet 6, v1.22) was employed for automatic retinal segmenta-
tion (Supplementary Methods). Furthermore, a subset of the GDES
participants underwent liquid chromatography tandem triple quad-
rupole mass spectrometry (LC, ExionLC AD, SCIEX, USA; MS, QTRAP
System, SCIEX, USA) formetabolomic profiling with stringent quality
control processes employed (Supplementary Methods)70,71. Incident
CVDwas defined as the development of coronary heart disease, heart
failure, atrial fibrillation, stroke or related mortality during the
follow-up period, determined by a combination of medical records,
questionnaires, and verbal interviews. Fasting blood samples were
collected to assess the serum concentration of HbA1c, total choles-
terol, and HDL cholesterol (enzymatic), and to assess the glomerular
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filtration rate. The modelling details and analytical processes are
as above.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data used in this study are available from UKB via data access
procedures (http://www.ukbiobank.ac.uk). Permission to use the UKB
Resource was obtained via a material transfer agreement as part of
Application 105658. Raw data from the GDES are not publicly available
due to data privacy laws andwere used for the purposes of this project
with institutional permission from the Zhongshan Ophthalmic Center.
All requests for access to in-house data should be addressed to the
corresponding authors, Prof. Lingyi Liang (Email: lianglingyi@gzzoc.-
com) & Dr. Wei Wang (email: wangwei@gzzoc.com), and will be pro-
cessed in accordancewith ZhongshanOphthalmic Center policies. The
GDES groupwill evaluate all requests based on the purpose of the data
request, and it may take ~90 days to process the request. A material-
transfer and data-usage agreement will be required between Zhong-
shan Ophthalmic Center and the receiving organization, and the
requesting organization must state the intended purpose of the data
transfer and provide assurances that the transferred data will only be
used for non-commercial academic and educational purposes in
compliance with Zhongshan Ophthalmic Center institutional poli-
cies. Source data are provided with this paper.

Code availability
All software used in this study is publicly available. The code used in this
study can be accessed at https://github.com/zocskl/RNFLTmetabolic-
states-predict-CMD-outcomes72.
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