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Abstract

INTRODUCTION: The utility of retinal photography-derived aging biomarkers for

predicting cognitive decline remains under-explored.

METHODS: A memory-clinic cohort in Singapore was followed-up for 5 years.

RetiPhenoAge, a retinal aging biomarker, was derived from retinal photographs using

deep-learning. Using competing risk analysis, we determined the associations of

RetiPhenoAgewith cognitivedecline anddementia,with theUKBiobankutilizedas the

replication cohort. The associations of RetiPhenoAgewithMRImarkers(cerebral small

vessel disease [CSVD] and neurodegeneration) and its underlying plasma proteomic

profile were evaluated.
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RESULTS: Of 510 memory-clinic subjects(N = 155 cognitive decline), RetiPhenoAge

associated with incident cognitive decline (subdistribution hazard ratio [SHR] 1.34,

95% confidence interval [CI] 1.10–1.64, p = 0.004), and incident dementia (SHR 1.43,

95%CI 1.02–2.01, p= 0.036). In the UKBiobank (N= 33 495), RetiPhenoAge similarly

predicted incident dementia (SHR 1.25, 95% CI 1.09–1.41, p = 0.008). RetiPhenoAge

significantly associated with CSVD, brain atrophy, and plasma proteomic signatures

related to aging.

DISCUSSION:RetiPhenoAgemay provide a non-invasive prognostic screening tool for

cognitive decline and dementia.

KEYWORDS
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Highlights

∙ RetiPhenoAge, a retinal agingmarker, was studied in an Asianmemory clinic cohort.

∙ Older RetiPhenoAge predicted future cognitive decline and incident dementia.

∙ It also linked to neuropathological markers, and plasma proteomic profiles of aging.

∙ UK Biobank replication found that RetiPhenoAge predicted 12-year incident

dementia.

∙ Future studies should validate RetiPhenoAge as a prognostic biomarker for demen-

tia.

1 BACKGROUND

Chronological age remains one of the greatest risk factors for demen-

tia, which is associated with high socioeconomic costs, and reduction

in health-span.1 However, it has been increasingly evident that the

trajectory of aging can vary among individuals with similar chronolog-

ical age.2,3 Indeed, it is recognized that biological age, an integrated

construct reflecting the accumulation of age-related pathology, may

provide greater value than chronological age in the prediction of

accelerated aging processes and pathological disease phenotypes.4

Therefore, biomarkers reflective of biological aging may be potential

predictors of future cognitive decline.5–7

However, current modalities for the measurement of biological age

such as epigenetic alterations, brain age, and telomere length are costly

and require specialized analytical platforms.6–8 In comparison, retinal

photography is an attractive modality for the assessment of biologi-

cal age, in view of its accessible, non-invasive nature, and lower cost.9

The retina has additionally been hypothesized to be the “window” into

the brain, considering its shared diencephalic origins, and homology

of vasculature with the central nervous system.10 Therefore, retinal

photography may serve as an easily accessible platform to study neu-

ropathological disorders within the central nervous system, shedding

insight into accelerated aging processes related to neuropathological

disease burden.11,12

Complementing the accessibility of retinal photography, the

advent of deep-learning has allowed for the development of algo-

rithms to extract known and unknown features from retinal images,

which may facilitate increased accuracy in predicting multisystemic

morbidity.13–17 More recently, “RetiPhenoAge,” an established non-

invasive retinal aging biomarker trained on the ground truths of

PhenoAGE (a validated aging marker, derived from a composite of

phenotypic biomarkers including glucose, C-reactive protein, albumin,

and chronological age), has been successfully applied for the improved

prediction of morbidity and mortality.18,19 However, the prognostic

utility of RetiPhenoAge for cognitive decline and incident dementia

remains unexplored.

In this study, we evaluated the prognostic utility of RetiPhe-

noAge for cognitive decline and conversion to dementia, within a

Southeast-Asian memory clinic cohort, with replication in a major-

ity Caucasian cohort. To study the neuropathological and biolog-

ical underpinnings of older RetiPhenoAge, we investigated cross-

sectional associations of RetiPhenoAge with neuroimaging mea-

sures of cerebral small vessel disease (CSVD) and brain atrophy,

as well as plasma proteomic biomarkers. We hypothesized that

RetiPhenoAge is associated with increased risk of future cogni-

tive decline and incident dementia, likely related to its associa-

tions with CSVD, neurodegeneration, and biological processes of

aging.
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2 METHODS

2.1 Study population – Southeast-Asian memory
clinic cohort

The Memory Aging and Cognition Center (MACC) Harmonisation

cohort is a longitudinal memory clinic-based cohort of subjects

recruited from two Singaporean study sites (St Luke’s Hospital and

National University Hospital Singapore). This longitudinal memory

clinic cohort was followed for up to 5 years. Subjects had to be aged

≥50 years, with sufficient language skills to participate in neuropsy-

chological assessments. Exclusion criterion included the presence of

substance abuse disorder, major psychiatric illness, tumors, multiple

sclerosis, epilepsy, and traumatic brain injury resulting in cognitive

impairment. Informed consent was obtained from all subjects prior to

recruitment. Ethics approval was obtained from the National Health-

care Group Domain Specific Review Board (NHG DSRB reference

numbers 2018/01098 and 2010/00017). An overview of the study is

presented in Figure 1.

2.2 Assessment of subject clinical demographics

Data regarding age, education, and gender were collected via detailed

questionnaires administered in a standardized manner to all subjects.

Clinical history including hypertension, diabetes, and hyperlipidaemia

were recorded from subjects and verified from their medical records.

2.3 Neurocognitive assessments

Neurocognitive diagnoses of all study subjects were discussed

at regular consensus meetings attended by study clinicians and

neuropsychologists.20 Yearly cognitive assessments administered

included theMontreal Cognitive Assessment (MoCA), Clinical Demen-

tia Rating (CDR) score, and a locally validated neuropsychological test

battery, which was administered by trained research psychologists

in the participants’ native language (English, Mandarin, or Malay) as

previously described.20 Subjects without objective cognitive impair-

ment were categorized as no cognitive impairment (NCI). Cognitive

impairment no dementia (CIND) was determined by the presence of

impairment in one or more cognitive domains (defined by a score of

at least 1.5 standard deviations below established education-adjusted

cutoff values on any test) without the loss of independent daily

function.20 The Diagnostic and Statistical Manual of Mental Disorders

Fourth Edition was utilized in the diagnosis of dementia at baseline.

CDR scores were also assigned to each patient at baseline, and at

every subsequent follow-up visit so as to stage the severity of cogni-

tive impairment and dementia.21 The primary outcome was cognitive

decline definedby a longitudinal increment inCDRSumofBoxes (CDR-

SB) score of ≥3 points at any annual follow-up assessment, compared

with the baseline. The CDR-SB was utilized as a patient-important

indicator of cognitive decline, due to its validation as a marker of lon-

RESEARCH INCONTEXT

1. Systematic review: Non-invasive biomarkers derived

from the integration of retinal photography with deep-

learning, havebeen successfully applied for theprediction

of morbidity, mortality and biological aging. However, the

utility of deep-learning derived retinal aging biomarkers

for predicting cognitive decline and incident dementia

remains under-explored.

2. Interpretation: RetiPhenoAge, a retinal aging biomarker

derived from retinal photographs using deep-learning,

was applied to a Singaporean memory clinic cohort.

We found that RetiPhenoAge predicted future cognitive

decline and incident dementia over 5 years of follow-up.

RetiPhenoAge also closely associated with neuroimaging

markers of cerebral small vessel disease, brain atro-

phy as well as plasma proteomic signatures related to

aging. Findings were replicated within the UK Biobank,

demonstrating that RetiPhenoAge significantly predicted

incident dementia over 12 years.

3. Future directions: Our study highlights the potential of

integrating digital technology with retinal photography,

providing a non-invasive biomarker for the prognostica-

tion of cognitive decline and dementia.

gitudinal cognition and function, as well as being aligned with minimal

clinically important differences.21,22 The secondary outcome was the

incidence of conversion from CIND to incident dementia, defined by a

change in CDR Global score (CDR-GS) from < 1 to ≥ 1 at any annual

follow-up.

2.4 Assessment of retinal aging (RetiPhenoAge)
scores

The details of the development of RetiPhenoAge have been previously

described.19 In brief, RetiPhenoAge was previously developed using a

VGG-16 deep learning regression model, on eligible subjects from the

UK Biobank trained on the ground truths of PhenoAGE. A data-driven,

hypothesis-free approach for the development of RetiPhenoAge was

employed within retinal images, without the pre-specification of any

recognizable retinal features. PhenoAGE was built with nine blood

biomarkers plus chronological age, with more details presented in

methods S1.

Within the MACC cohort, baseline retinal photography was per-

formed at recruitment. Following standardized pupillary dilation, reti-

nal photographs centered at the optic disc and macula were captured

using a 45-degree digital retinal camera (Canon CR-DGi 10D or Canon

CR-1-40D). The full methodology of retinal image acquisition has been

described previously.23,24 The validated RetiPhenoAge algorithm was
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F IGURE 1 Overview of study design (createdwith biorender.com).
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then applied to the MACC cohort retinal photographs, without fine

tuning. RetiPhenoAge scores were then subject to z-score transforma-

tion. Saliencymapswere generated to localize anatomy contributing to

RetiPhenoAge (methods S1).

2.5 Neuroimaging assessments

Brainmagnetic resonance imaging (MRI) scanswere performed using a

3T SiemensMagnetomTrio Tim Scanner comprising a 32-channel head

receive coil. Neuroimaging protocols were standardized and included

three-dimensional T1-weighted, T2-weighted fluid-attenuated inver-

sion recoveryand susceptibility-weighted images, as perourpreviously

published approach.20,25

The AccuBrain (IV2.0) software was utilized for automated brain

volumetric analysis, to obtain quantitative MRI markers of neurode-

generation (gray matter volume) and CSVD (white matter hyperin-

tensity [WMH] volume). The AccuBrain platform has been previously

validated and found to have comparable accuracywith commonly used

volumetric analytical platforms including FreeSurfer.26

In addition, MRI structural markers of CSVD including lacunes, cor-

tical infarcts and cerebral microbleeds were graded by an expert clin-

ical researcher (S.H.), in accordance with the Standards for Reporting

Vascular Changes on Neuroimaging criteria, as previously described

(methods S2).25,27

2.6 Profiling of plasma proteomic biomarkers

The Olink Explore 1536 platform (Thermo Fisher Scientific, Waltham,

MA, USA) was employed for the profiling of plasma proteins within a

subset of 358 subjects with paired RetiPhenoAge scores, and available

plasma samples.

A total of 1441 proteins were used for analysis after stringent

quality control of the data. Protein levels were then expressed as Nor-

malized Protein eXpression (NPX) values, a relative quantification unit

which relates logarithmically to protein concentration. Further details

on theexperimental protocol andproteins assayedarepresented in the

methods S3, and Table S1, respectively.

2.7 Statistical analysis

Statistical analysis was performed using R version 4.3.2 (R Core Team.

2023. R Foundation for Statistical Computing, Vienna, Austria) and

STATA (StataCorp. 2023. Release 18. College Station, TX: Statacorp

LLC). All statistical tests were conducted at a significance level of 0.05

unless otherwise stated.

Patient characteristics were expressed as frequency and percent-

ages for categorical variables and mean ± standard deviation (SD) for

continuous variables. Chi-squared test was used in the comparison of

categorical data. The independent t-test was used for the comparison

of continuous variables. RetiPhenoAge values were subject to z-score

transformation prior to analysis, to express its effects as change per SD

increase.

2.7.1 Primary analysis

Competing risks regression was used to evaluate longitudinal associa-

tionsof baselineRetiPhenoAgevalueswith cognitivedecline.Mortality

before the onset of cognitive decline was defined as the competing

event. Competing risks regression was employed due to the older

age of our memory-clinic population, with 74 of 510 subjects devel-

oping mortality over up to 5 years of follow-up.28 The first model

(Model 1) was adjusted for chronological age, while the second model

(Model 2) adjusted for chronological age, education, hypertension,

hyperlipidemia, diabetes, gender, and baseline MoCA scores. To evalu-

ate the associations of baseline RetiPhenoAge values with progression

from CIND to dementia, competing risks regression was performed,

adjusted first for chronological age (Model 1), and then for chrono-

logical age, gender, and education (Model 2). Sensitivity analysis was

performed, additionally adjusting for hypertension, hyperlipidemia,

and diabetes to evaluate the effect of RetiPhenoAge on conversion to

dementia, independent of these clinical covariates (presented within

the Model S3). Mortality before the onset of conversion to dementia

was defined as the competing event. Results were presented as subdis-

tribution hazards ratio (SHR) and accompanying 95% confidence inter-

vals (CIs). Kaplan–Meier curveswere constructed to visualize cognitive

decline and progression fromCIND to dementia, stratified by RetiPhe-

noAge expressed as quartiles. Log-rank p-values were calculated to

compare survival distribution across RetiPhenoAge quartiles.

2.7.2 Secondary analysis

Evaluation of associations of RetiPhenoAgewith neuroimagingmarkers

Cross-sectional analysis of RetiPhenoAge with volumetric neuroimag-

ing indices (WMHvolumeandgraymatter volume)wasperformedwith

multivariable linear regression models adjusted for age and gender,

normalized to intracranial volume. Multivariable Poisson regression

was employed to study associations of RetiPhenoAge with the bur-

den of cerebral microbleeds, cortical infarcts and lacunes by counts,

adjusted for relevant covariates including age, gender, hypertension,

hyperlipidaemia, diabetes. Results were presented as adjusted relative

risk (RR) and accompanying 95%CIs.

Identification of plasma proteomic signatures underpinning

RetiPhenoAge

To evaluate the biological underpinnings of RetiPhenoAge, exploratory

analysis was conducted in a subset of 358 subjects with paired plasma

proteomic data. Linear regression analysis was used to study cross-

sectional associations of the circulating proteins with RetiPhenoAge

scores (expressed as z-scores). To account for false discovery rate, cor-

rection for multiple testing was performed with a q-value threshold

of < 0.05 considered to be statistically significant.29 The top 20 most
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significantly associative proteins for RetiPhenoAge were visualized

using volcano plots.

Over-representation analyses among all significant (q-value< 0.05)

proteins associatedwith RetiPhenoAgewas performed andmapped to

Reactome, Gene Ontology Biological Processes, and Kyoto Encyclope-

dia ofGenes andGenomes (KEGG)pathwaysusing theDAVIDbioinfor-

matics resource.30 The most significantly over-represented pathways

within all proteins significantly associated with Retiphenoage were

visualized as bar plots. Wherever applicable, p-values were further

subjected tomultiple testing correction using the Benjamini-Hochberg

(BH) procedure.

2.8 Replication within the UK Biobank cohort

Replication analysis within eligible subjects from the UK biobank

cohortwas conductedwith a similar approach. Competing risks regres-

sionwasused toevaluate longitudinal associationsofbaselineRetiPhe-

noAge with incident all-cause dementia. Mortality before the onset

of incident dementia was defined as the competing event. The first

model (Model 1) was adjusted for chronological age, while the fully

adjusted model (Model 2) comprised adjustments for chronological

age, education, hypertension, hyperlipidemia, diabetes, and gender.

Subjects with dementia at baseline were excluded from the analy-

sis. Results were presented as SHRs and their accompanying 95%

CIs. Kaplan–Meier dementia survival curves were constructed for the

association of RetiPhenoAge expressed as quartiles, and the survival

distributionswere compared using Log-rank test. Details of clinical and

cognitive data acquisition within the UK biobank are presented in the

Supplemental methods S4.

3 RESULTS

3.1 Subject characteristics: Southeast-Asian
memory clinic cohort

The flowchart of subject recruitment is presented in Figure 2. Of the

622 subjects within the Southeast-Asian memory clinic cohort with

available retinal photographs, 96 subjects failedquality control for reti-

nal images. RetiPhenoAge scores were assessed for 526 subjects, of

which 16 subjects did not have follow-up data. Of the 510 subjects

with longitudinal follow-up (43.9% male, mean age 72.4 ± 7.8 years),

155 (30.4%) developed cognitive decline, while 355 (69.6%) remained

cognitively stable over 3.9± 1.5 years of follow-up.

3.2 Prognostic associations of RetiPhenoAge with
cognitive decline and conversion to dementia

Subjects who developed cognitive decline were more likely to be

of older age (p < 0.001), female gender (p = 0.019), lower educa-

tion (p < 0.001), diabetic (p = 0.011), and had poorer MoCA scores

(p < 0.001) at baseline (Table 1). Competing risks regression was used

to evaluate the associations of baseline RetiPhenoAge z-scores with

future cognitive decline. In the age-adjusted model (Model 1), sub-

jects with higher RetiPhenoAge z-scores at baseline were more likely

to develop cognitive decline (SHR 1.42, 95% CI 1.17–1.72, p < 0.001).

Similar associations were observed after adjustment for age, edu-

cation, gender, hypertension, hyperlipidemia, diabetes, and baseline

cognition (Model 2). That is, higher RetiPhenoAge z-scores associated

with greater hazard of cognitive decline (SHR 1.34, 95% CI 1.10–

1.64, p = 0.004, Table 2). Kaplan–Meier curves of cognitive decline

stratified by RetiPhenoAge quartiles are presented in Figure 3A. Sig-

nificant separation between the quartiles was observed (log-rank

p< 0.001).

Of 213 subjects with CIND, 46 (21.6%) converted to demen-

tia, while 167 (78.4%) subjects did not. Subjects who converted to

dementia were older (p = 0.015) (Table S2). Using competing risks

regression, higher RetiPhenoAge z-scores were associated with sig-

nificantly increased hazard of progression from CIND to dementia.

This was observed on age-adjusted analysis (SHR 1.44, 95% CI 1.03–

2.01, p = 0.034), and the fully adjusted analysis for age, gender, and

years of education (SHR 1.43, 95% CI 1.02–2.01, p = 0.036, Table 3).

Similar findings were observed on sensitivity analysis with additional

model adjustment for hypertension, hyperlipidemia, and diabetes (SHR

1.43, 95% CI 1.02–2.02, p = 0.038, Model S3, Table S3). Significant

separation between RetiPhenoAge quartiles was observed on Kaplan–

Meier curves constructed for the progression from CIND to dementia

(Figure 3B, log-rank p= 0.001).

3.3 Replication analysis: Prognostic associations
of RetiPhenoAge with incident dementia within the
UK Biobank Cohort

A flowchart of subject inclusion within the replication cohort from the

UK Biobank are presented in Figure 2. Of the final 33 495 subjects eli-

gible for final analysis, 33 111 remained cognitively stable, while 384

(1.1%) developed incident dementia, over 11.9 ± 1.7 follow-up years.

Subject demographics of eligible subjects from the UK Biobank cohort

are presented in Table S4. Of 33 495 subjects (45.7% male, mean age

56.8 ± 8.3 years), subjects with incident dementia were more likely to

be older, hypertensive, and diabetic (all p < 0.05, refer to Table S4).

Results of competing risks regression for associations ofRetiPhenoAge

z-scores with incident dementia are presented in Table 4. In the age

adjusted model, higher RetiPhenoAge z-scores were associated with

increased hazards of incident dementia (SHR 1.31, 95% CI 1.15–1.47,

p = 0.001). Within the fully adjusted model, higher RetiPhenoAge z-

scores similarly associated with increased hazard of incident dementia

(SHR 1.25, 95% CI 1.09–1.41, p = 0.008). Kaplan–Meier curves of inci-

dent dementia stratified by RetiPhenoAge quartiles are presented in

Figure 3C. Significant separation of the survival curves was observed

among the quartiles of RetiPhenoAge (log-rank p< 0.001).
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Eligible for RetiPhenoAge 
analysis

(N=33 509)

Included for 
(N= 33 495)

No incident 
dementia

(N=33 111, 98.85%)

Incident 
dementia 

(N=384, 1.15%)

RetiPhenoAge scores 
assessed 
(N=526)

 (N=510)

No cognitive 
decline

(N=355, 69.6%)

Cognitive 
decline

(N=155, 30.4%)

Retinal images failed 
Q.C. (N=3963)

Alzheimer's disease or 
dementia at baseline 

(N=14)

Retinal images failed 
Q.C. (N=96)

No longitudinal 
followup (N=16)

Southeast-Asian 
memory clinic cohort UK Biobank

Followed up for  
cognitive decline

(N=510)

Followed up for progression 
from CIND to dementia

(N=213)

No conversion
(N=167, 78.4%)
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dementia

(N=46, 21.6%)
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F IGURE 2 Flowchart of subject recruitment within the Asianmemory clinic cohort and UKBiobank cohort (created with biorender.com).
CIND refers to cognitive impairment, no dementia. Cognitive decline was defined as a longitudinal increment in Clinical Dementia Rating scale
Sum of Boxes score of 3 points and above, at any annual follow-up. Q.C. refers to quality control.

TABLE 1 Subject demographics of the Southeast-Asianmemory clinic cohort.

Characteristic

All subjects

(N= 510) /N (%)

No cognitive

decline (N= 355) /N (%)

Cognitive decline

(N= 155) /N (%) p-value

Chronological age, years 72.4± 7.8 71.3± 8.0 74.8± 7.0 <0.001

Male gender,N (%) 224 (43.9) 168 (47.3) 56 (36.1) 0.019

Education, years 7.2± 5.1 7.7± 5.1 6.1± 4.7 <0.001

Hypertension,N (%) 357 (70.6) 243 (69.0) 114 (74.0) 0.257

Hyperlipidaemia,N (%) 375 (73.7) 263 (74.3) 112 (72.3) 0.631

Diabetes,N (%) 182 (35.7) 114 (32.1) 68 (43.9) 0.011

MoCA 18.1± 7.0 20.1± 6.6 13.6± 5.4 <0.001

Baseline cognitive diagnoses

Dementia,N (%) 184 (36.1) 78 (22.0) 106(68.4) <0.001

CIND,N (%) 213 (41.8) 168 (47.3) 45 (29.0)

NCI,N (%) 113 (22.2) 109 (30.7) 4 (2.6)

Abbreviations: CIND, cognitive impairment no dementia; MoCA,Montreal Cognitive Assessment; NCI, no cognitive impairment.
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TABLE 2 Associations of RetiPhenoAgewith cognitive decline within the Southeast-Asianmemory clinic cohort.

Model No cognitive decline /N (%) Cognitive decline /N (%) SHR 95%CI p-value

Model 1 355/510 (69.6) 155/510 (30.4) 1.42 1.17–1.72 <0.001

Model 2 1.34 1.10–1.64 0.004

Note: Model 1: Competing risks regression for cognitive decline, adjusted for chronological age and RetiPhenoAge expressed as z-scores, with mortality as

the competing event.

Model 2: Competing risks regression for cognitive decline, adjusted for chronological age, gender, years of education, hypertension, hyperlipidemia, diabetes,

baseline cognition, and RetiPhenoAge expressed as z-scores, withmortality as the competing event.

Number of competing events (mortality):N= 47.
Abbreviations: CI, confidence interval; SHR, subdistribution hazard ratio.

F IGURE 3 Kaplan–Meier curves of (A) cognitive decline, and RetiPhenoAge stratified by quartiles (Southeast-Asianmemory clinic cohort); (B)
conversion to dementia, and RetiPhenoAge stratified by quartiles (Southeast-Asianmemory clinic cohort); (C) incident dementia and
RetiPhenoAge stratified by quartiles (UK Biobank cohort). p-values presented were derived from log-rank tests of cognitive decline or incident
dementia respectively, stratified by RetiPhenoAge quartiles.
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TABLE 3 Associations of RetiPhenoAgewith progression fromCIND to incident dementia within the Southeast-Asianmemory clinic cohort.

Model No incident dementia /N (%) Incident dementia /N (%) SHR 95%CI p-Value

Model 1 167/213 (78.4) 46/213 (21.6) 1.44 1.03-2.01 0.034

Model 2 1.43 1.02-2.01 0.036

Note: Model 1: Competing risks regression for progression from CIND to dementia, adjusted for chronological age and RetiPhenoAge expressed as z-scores,

withmortality as the competing event.

Model 2: Competing risks regression for progression from CIND to dementia, adjusted for chronological age, gender, years of education, and RetiPhenoAge

expressed as z-scores, withmortality as the competing event.

Number of competing events (mortality):N= 10.
Abbreviations: CI, confidence interval; CIND, cognitive impairment no dementia; SHR, subdistribution hazard ratio.

TABLE 4 Replication analysis: Associations of RetiPhenoAgewith incident dementia within the UKBiobank cohort.

Model No incident dementia Incident dementia SHR 95%CI p-Value

Model 1 33 111 / 33 495 (98.9%) 384/ 33 495

(1.1%)

1.31 1.15–1.47 0.001

Model 2 1.25 1.09–1.41 0.008

Note: Model 1: Competing risks regression for incident dementia, adjusted for chronological age and RetiPhenoAge expressed as z-scores, with mortality as

the competing event.

Model 2:Competing risks regression for incidentdementia, adjusted for chronological age, gender, years of education, hypertension, hyperlipidemia, diabetes,

and RetiPhenoAge expressed as z-scores, withmortality as the competing event.

Number of competing events (mortality):N= 1728.

Abbreviations: CI, confidence interval; SHR, subdistribution hazard ratio.

3.4 Secondary analyses

3.4.1 Association of RetiPhenoAge with MRI
markers of CSVD and neurodegeneration

Forest plots of the associations of RetiPhenoAge with cross-sectional

MRI brain markers are presented in Figure 4A. Higher RetiPhenoAge

scores were associated with greater cross-sectional burden of CSVD

(WMHvolume (β 0.16, 95%CI 0.03, 0.30, Exp (β) 1.17, p= 0.015), cere-

bral microbleeds (adjusted RR 1.88, 95%CI 1.42–2.48, p< 0.001)), and

neurodegeneration indices (gray matter volume (β -0.34, 95%CI -0.62,

-0.05, Exp (β) 0.71, p = 0.023)). No significant associations were found

between RetiPhenoAge and baseline lacunes (adjusted RR 1.25, 95%

CI 0.97–1.61, p=0.090) and cortical infarcts (adjustedRR1.22, 95%CI

0.84–1.77, p= 0.302).

3.4.2 Plasma proteomic signatures underpinning
RetiPhenoAge

Of the 1441 plasma proteins studied, 345 proteins significantly asso-

ciated with RetiPhenoAge (q-value < 0.05). Of these, 51 proteins

negatively associated with RetiPhenoAge, while 294 were positively

associated. The top 20 most significantly predictive proteins for older

RetiPhenoAge are presented visualized in volcano plots (Figure 4B).

All 345 significant proteins associated with older RetiPhenoAge are

presented in Table S5.

The most significant biological pathways identified through over-

representation analysis of all 345 proteins associated with Retiphe-

noage are presented in Figure 4C. All pathways over-represented

within the plasma proteomic profile for RetiPhenoAge are presented

in Table S6.

3.4.3 RetiPhenoAge saliency maps

Saliency maps to localize the anatomy which contributed to RetiPhe-

noAge scores within thememory clinic cohort, indicated abnormalities

within the epiretinal, macula, optic disc, and retinal vessels (Figure

S1). Details on the generation of the saliency maps are presented in

methods S1.

4 DISCUSSION

In this study, we demonstrated significant associations of RetiPhe-

noAge – a deep-learning derived retinal aging marker – with future

cognitive decline and progression to dementia in a Southeast-Asian

memory clinic cohort. On a neuropathological level, this was likely

related to neurodegeneration andCSVD, as greaterRetiPhenoAgewas

also found to associate with greater cross-sectional WMH, cerebral

microbleeds, and gray matter atrophy. Plasma proteomic analysis

identified aging-related pathways underpinning older RetiPhenoAge

including inflammation, immune dysregulation, extracellular matrix

disruption, and insulin-like growth factor (IGF) signaling. Replica-

tion analysis within the Caucasian UK Biobank found that greater

RetiPhenoAge similarly associated with the future risk of incident

dementia in a younger Caucasian community cohort. Demonstrating
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F IGURE 4 (A) Cross-sectional associations of RetiPhenoAgewith brainMRImarkers of cerebral small vessel disease and neurodegeneration.
Forest plots depict Exp(β) and adjusted relative risk (RR), with 95% confidence intervals derived frommultivariable linear or Poisson regression,
respectively. (B) Top 20most significantly associative plasma proteins for older RetiPhenoAge. Regression coefficients and corrected p-values
(q-values) were derived from linear regression of plasma proteins and RetiPhenoAge. (C) Top fivemost significant GeneOntology (biological
process), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Reactome pathways over-represented within the associative plasma proteins
for RetiPhenoAge.

reproducibility and validation in both cohorts and ethnicities, RetiPhe-

noAgemay thusbeanopportunistic, non-invasiveprognostic screening

tool for cognitive decline and dementia.

Our findings of the predictive utility of deep-learning retinal aging

markers for longitudinal age-related pathology such as cognitive

decline, are consistent with previous work demonstrating associations

of retinal photograph-based deep learning indices, with biological age,

morbidity andmortality riskwithin theUKBiobank.16,19 Previous stud-

ies have similarly reinforced the predictive utility of deep-learning

derived retinal photographic indices of aging as biomarkers for arte-

rial stiffness, Parkinson’s disease, kidney failure cardiovascular risk,

incident stroke, and mortality.31–34 However, evidence regarding the

predictive ability of a deep-learning derived retinal biomarker of bio-

logical age, for progression to dementia and cognitive decline remains

unclear.

Earlier studies evaluating the associations of conventionally mea-

sured retinal features with longitudinal cognitive change have yielded

conflicting findings. Studies helmed by the Rotterdam and Lothian-

Birth Cohort groups demonstrated no significant associations of con-

ventional retinal vascular features and retinopathy with longitudinal

cognitive change.35–37 By contrast, several longitudinal cohort stud-

ies have reported significant associations of midlife retinal vascular

perturbations and retinopathy with cognitive decline as well as inci-

dent dementia.38–40 These discrepant findings may perhaps reflect

between-study differences in age, prevalence of comorbidities, cog-

nitive disease burden, and duration of cognitive follow-up.23,35–40

However, it is also plausible that the advent of deep-learning has

allowed for the feature extraction of information from retinal images

which may not be readily apparent with previously utilized conven-

tional assessmentmethods. Indeed, the ocular features identified to be
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associated with RetiPhenoAge within our saliency maps also included

the epiretinal membrane, macula, optic disc, and vessels, which have

individually been known to associate with cognitive outcomes.38–42

These associations of older retinal age with poorer cognitive out-

comes may be explained by several mechanisms. The cerebral and

retinal circulatory systems are thought to be contiguous, exhibiting

similar age-related changes in blood flow, morphology, and metabolic

demands.31,43 These vascular changes may be contributed by the

shared mechanisms of vascular aging including endothelial dysfunc-

tion, inflammation, and oxidative stress.31,44,45 Additionally, risk fac-

tors of cognitive decline such as cardiovascular disease, neurodegen-

eration, and other age-related processes may manifest as detectable

features within the retina such as retinopathy, age-related macular

degeneration, and vascular alterations.46–48 Collectively, these retinal

features may provide added insight into disease severity and its end-

organ effects, whichmay not be entirely reflectedwithin chronological

age.47,48 Our saliency maps support these conclusions, by highlight-

ing pathology within the retinal vessels, optic disc, and macula which

contributed to RetiPhenoAge.

At a neuropathological level, the associations of RetiPhenoAgewith

cognitive decline and incident dementia were likely linked to both

neurodegenerative and CSVD etiologies. This was supported by the

significant associations foundbetweenRetiPhenoAgewith graymatter

atrophy, cerebral microbleeds, andWMH. These observations are con-

sistent with previously reported associations of retinal photographic

features (vessel alterations, retinopathy, and age-related macular

degeneration) with CSVD and brain atrophy.49–52 Plasma proteomic

analysis additionally identified diverse biological pathways related to

aging, which underpinned older RetiPhenoAge. These biological path-

ways includedprocesses related to inflammation, IGF signaling, cellular

adhesion, andextracellularmatrix disruption.53–57 The top20most sig-

nificant proteins associated with RetiPhenoAge encapsulated diverse

pathobiological processes including cellular adhesion (CD22), extracel-

lular matrix disruption (KLK4, TNFRSF11B, DCN, CCDC80), inflam-

mation (EDA2R, CCL27, FCRL158), transforming growth factor-beta

(TGF-beta) receptor signaling (LTBP2,59 DKK3), angiogenesis (RSPO3,

HSPB6,60 CRIM161), IGFand IGFbindingprotein axis (CHGB, IGFBP2),

neurodegeneration or neuroinflammation (PTN,62 GFAP, NEFL) and

cellular senescence (PRELP, GDF-1563).64 Amongst these, several pro-

teins (GDF15, LTBP2, EDA2R, NEFL, and GFAP) were also featured

within recently validated proteomic aging clocks.55,57 These find-

ings suggest links between age-related biological processes and older

RetiPhenoAge. Taken together, our findings highlight the potential

role of RetiPhenoAge as a prognostic biomarker for cognitive decline

whichmay relate toCSVD, neurodegeneration, and thepathobiological

changes of aging.

The initial associations identified in this study suggest that older

RetiPhenoAgemay serve as a potential prognostic biomarker of cogni-

tive decline and dementia – offering utility as a non-invasive screening

tool for future cognitive outcomes. Further study is needed to explore

the biological mechanisms linking older RetiPhenoAge with cognitive

outcomes. This would yield deeper insights into the aging processes

reflected in the retina and determine its viability as a surrogate

endpoint in clinical trials targeting cognitive decline. The utility of

RetiPhenoAge as a risk stratification tool for the identification of sub-

jects at risk of cognitive decline should also be evaluated in clinical

settings, potentially facilitating early targeted interventions. Lastly,

future efforts should be targeted at improving the accessibility and

integrationof deep-learning and retinal imagingwithin clinical care set-

tings. Taken together, this may augment current clinical and biomarker

approaches for the prognostication of cognitive decline and dementia.

4.1 Limitations

Our study has several limitations. Firstly, we only utilized good quality

retinal photos which passed quality control checks. As such, inter-

operator variability in image acquisition could conceivably affect the

reproducibility of retinal photography measurements in the commu-

nity setting. Secondly, inter-ethnic variations in retinal photography

features have also been previously reported, which may raise con-

cerns as the predominantly CaucasianUKBiobank cohortwas used for

the development of RetiPhenoAge.65 However, our validation of the

prognostic utility of RetiPhenoAge across both the Southeast-Asian

memory clinic cohort, and UK Biobank suggests robustness of the

algorithmacross both cohorts and ethnicities, for the prediction of cog-

nitive outcomes. Lastly, the differential associations of RetiPhenoAge

with subtypes of cognitive decline (such as vascular or Alzheimer’s

dementia phenotypes) within larger neurocognitive cohorts require

future study.

5 CONCLUSIONS

A retinal aging marker derived by deep-learning from retinal photog-

raphy may provide a prognostic non-invasive biomarker for cognitive

decline and incident dementia. Future studies should be undertaken

to evaluate its feasibility and scalability in community-care as well as

specialized clinical settings. Our findings reinforce the utility of digital

technology as a promising modality which can be effectively applied to

retinal photos for the prognostication of future cognitive outcomes.
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