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Abstract The aim of this study is to investigate the
association between retinal age gap and multimorbid-
ity. Retinal age gap was calculated based on a pre-
viously developed deep learning model for 45,436
participants. The number of age-related conditions
reported at baseline was summed and categorized as
zero, one, or at least two conditions at baseline (mul-
timorbidity). Incident multimorbidity was defined as
having two or more age-related diseases onset during
the follow-up period. Linear regressions were fit to
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examine the associations of disease numbers at base-
line with retinal age gaps. Cox proportional hazard
regression models were used to examine associations
of retinal age gaps with the incidence of multimor-
bidity. In the fully adjusted model, those with mul-
timorbidity and one disease both showed significant
increases in retinal age gaps at baseline compared to
participants with zero disease number (f = 0.254,
95% CI 0.154, 0.354; P < 0.001; g = 0.203, 95%
CI 0.116, 0.291; P < 0.001; respectively). After a
median follow-up period of 11.38 (IQR, 11.26-11.53;
range, 0.02-11.81) years, a total of 3607 (17.29%)
participants had incident multimorbidity. Each 5-year
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increase in retinal age gap at baseline was indepen-
dently associated with an 8% increase in the risk of
multimorbidity (HR = 1.08, 95% CI 1.02, 1.14, P =
0.008). Our study demonstrated that an increase of
retinal age gap was independently associated with a
greater risk of incident multimorbidity. By recogniz-
ing deviations from normal aging, we can identify
individuals at higher risk of developing multimorbid-
ity. This early identification facilitates patients’ self-
management and personalized interventions before
disease onset.

Keywords Retinal age - Multimorbidity -
Association - Biological age

Introduction

Multimorbidity, defined as the co-occurrence of two
or more chronic conditions [1], affects up to 95% of
populations aged 65 years and older [2]. The World
Health Organization (WHO) projects that the popu-
lation aged 65 years and older will increase dramati-
cally to 1.5 billion between 2019 and 2050 [3]. With
the ageing of the global population, the health burden
caused by multimorbidity is expected to increase sig-
nificantly, positioning it as a prioritized agenda for
policymakers and healthcare providers.

The concept of biological age has been recently
proposed as a precise index to quantify the ageing
process [4]. Unlike chronological age, which does
not reflect individual variation, biological age reflects
progressive structural, physiological, and functional
changes and intra-individual difference. This makes
biological age a valuable tool for identifying indi-
viduals at greater risk for age-related diseases and tai-
loring personalized interventions to promote healthy
aging. A series of proposed ageing biomarkers were
developed such as telomere length, epigenetic clock,
and brain age [5-7].

Retinal age has emerged as a non-invasive, acces-
sible, and cost-effective biomarker of ageing [8, 9].
The retina has been considered as a window to the
body, providing unique insights into systemic health
[10, 11]. Our previous study utilized deep learning
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to develop a retinal age model using retinal imag-
ing from a diverse population [9]. Then, a retinal age
gap, the deviation between the predicted retinal age
and chronological age, was considered to represent
accelerated aging. A larger retinal age gap has been
linked to a higher risk of various chronic conditions,
including cardiovascular diseases [12—14], neurode-
generative disorders [15], and kidney diseases [16].
Moreover, the ease and non-invasive nature of retinal
imaging position retinal age as a feasible tool in real
world settings.

As multimorbidity is not a single disease affecting
one system; rather, it involves the concurrent deterio-
ration of multiple organ systems, much like the age-
ing process [17]. Multimorbidity could be potentially
considered as a transitional phase between ageing and
death, reflecting a middle stage with shared underly-
ing mechanisms [18]. Despite this connection, limited
research has investigated the association between bio-
logical age biomarkers and multimorbidity. This gap
in understanding presents an opportunity to explore
whether retinal age could serve as a potential indica-
tor for identifying individuals at risk of multimorbid-
ity. Additionally, this approach can provide insights
into better management strategies for multimorbidity.
Therefore, we aim to study the association between
retinal age gap and the risk of multimorbidity in a
prospective cohort of UK biobank.

Methods
Study design and population

This study utilized data from the UK Biobank, a
large, prospective, population-based cohort compris-
ing over 500,000 participants recruited between 2006
and 2010. Participants aged 40-69 years underwent
baseline assessments including comprehensive life-
style and health questionnaires, physical measure-
ments, and sample collection at 22 assessment centres
located across England, Scotland, and Wales. Medical
event information was obtained through data linkage
to hospital admission records and death registers. The
study design and protocols have been detailed else-
where [19]. Comprehensive ophthalmic examinations
were introduced in late 2009 at six assessment cen-
tres for baseline measures [20]. Fundus photography
(Topcon 3D OCT 1000 Mk2, Topcon Corp, Tokyo,
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Japan) was used to acquire 45-degree macular-cen-
tred non-mydriatic retinal fundus images for each eye.

Ethics approval and consent to participate

UK Biobank has ethic approval from the North West
Multi-centre Research Ethics Committee (MREC)
as a Research Tissue Bank (RTB) approval (Refer-
ence number: 11/NW/0382). This RTB approval was
granted initially in 2011 and it is renewal on a 5-yearly
cycle. All participants provided informed consent
at the time of recruitment, acknowledging that their
biological samples and health-related data would
be collected, securely stored, and used for approved
research purposes. Access to the UK Biobank data
was obtained through the Biobank consortium under
Application Number 94372. All data were provided
in anonymized form, and all analyses were conducted
in accordance with the Biobank’s policies and proce-
dures to ensure participant confidentiality.

Retinal age gap

A deep learning (DL) model for age prediction was
developed and validated using a large dataset of reti-
nal fundus images [9]. The model was trained on a
diverse healthy cohort to ensure generalizability and
robustness of the age estimation. The DL model dem-
onstrated a strong predictive capability with a mean
absolute error (MAE) of 3.03 years between retina-
predicted age and chronological age, reflecting its
accuracy in estimating age from retinal images. Our
previous attention map study highlighted those areas
around the vessels in the retinal imaging contributed
most to the age estimation.

We subsequently applied this DL model to assess
the retina-predicted age for the remaining UK
biobank participants with available fundus images.
An automated image quality assessment process was
embedded in the algorithm using a grading model
trained on the EyePACS-Q dataset [21]. All images
undergoing the quality check were classified as either
“reject” or ‘“good/usable.” Only images labeled as
“good/usable” were fed into the age estimation algo-
rithm to generate the calculated retinal age. Fundus
images of the right eye were used for the age predic-
tion; if the image of the right eye was not available,
a fundus image of the left eye was used. The retinal
age gap (retina-predicted age minus chronological

age) was calculated for a total of 45,436 participants.
A larger retinal age gap indicates an accelerated age-
ing process. Moreover, we divided the participants
into three groups of patients who had a predicted reti-
nal age >3 years smaller than the chronological age
(>3 years younger), retinal age within a range of 3
years from their chronological age (within + 3 years),
and retinal age >3 years greater than the chronologi-
cal age (> 3 years older). We chose the cut-off value
at 3 years due to the MAE of 3.03 to minimize the
impacts of systematic bias in age prediction.

Multimorbidity

Baseline conditions of major age-related chronic dis-
eases were attained from self-reported information
about whether the participants had ever been diag-
nosed by a doctor (Supplementary Table 1). Addi-
tional baseline cases were identified through inpatient
hospital records. The International Classification of
Diseases 10" Revision (ICD-10) used to define the
full list of diseases applied in this study was listed
in Supplementary Table 2. The major categories we
included are cardiovascular diseases (heart failure,
hypertension, coronary artery disease, atrial fibril-
lation, stroke, peripheral artery disease), metabolic
diseases (diabetes, hyperlipoidemia), neurological
diseases such as dementia, and other miscellane-
ous diseases. The number of age-related conditions
reported at baseline was summed and categorised as
zero, one, or at least two conditions at baseline (mul-
timorbidity). Incident cases of individual diseases
from participants without reported major age-related
diseases were further identified. Date of each disease
onset was defined as the earliest recorded date avail-
able. Incident multimorbidity was defined as having
two or more age-related diseases onset during the
follow-up period. The follow-up period was defined
as the time of occurrence of multimorbidity or loss to
follow-up or death, whichever came earliest.

Covariates

Potential confounding factors were adjusted in the
current analysis. These include age, gender (male/
female), ethnicity (white/others), Townsend depriva-
tion index (TDI), body mass index (BMI), education
(college/university or others), physical activity (meet-
ing moderate/vigorous/walking recommendation or
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not), smoking status (never or ex/current smoker),
alcohol consumption (never or ex/current drinker),
and genetic risk score (GRS) for longevity. Informa-
tion on age, sex, ethnicity, education, alcohol con-
sumption, physical activity, and smoking status was
collected through touch-screen questionnaires. TDI
was derived from participant postcodes as an area-
specific measure of socioeconomic deprivation (a
higher TDI represents lower socioeconomic status)
[22]. BMI was calculated as body weight in kilo-
grams divided by height squared in meters. Genetic
risk score (GRS) for longevity was computed using
78 single-nucleotide polymorphisms, with a higher
score representing a higher genetic susceptibility to
longevity [23]. GRS for longevity was included to
adjust for the genetic predisposition to experiencing a
lower risk of age-related diseases.

Statistical analysis

Descriptive statistics, including mean (standard
deviation [SD]) or median (interquartile range [IQR]
if skewed) for continuous variables and numbers
(proportions) for categorical variables, were used to
present participant characteristics stratified by three
disease number categories. One-way ANOVA and
Pearson’s y tests were employed to compare the dif-
ferences between groups for continuous and categori-
cal variables, respectively. Age- and sex-adjusted
models were performed to assess the potential associ-
ations between baseline characteristics and retinal age
gaps. Linear regressions were fit to examine the asso-
ciations of disease numbers at baseline with retinal
age gaps. Cox proportional hazard regression models
were used to examine associations of retinal age gaps
with the incidence of multimorbidity. Three models
were tested, with model 1 adjusted for age and gen-
der; model 2 adjusted for age, gender and ethnicity,
TDI, education, physical activity, smoking status,
alcohol drinking status, BMI; model 3 adjusted for
covariates in model 2 and longevity GRS. Regression
coefficients () or hazard ratios (HR) and the corre-
sponding 95% confidence intervals (CI) were calcu-
lated for linear regression and cox regression, respec-
tively. To investigate potential nonlinear associations
between retinal age gap and incident multimorbidity,
a restricted cubic spline analysis was fitted to inves-
tigate the nonlinear relationship. Potential interaction
terms with retinal age gap were performed for each
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confounding factor. A two-sided p-value of <0.05
indicated statistical significance. All statistical analy-
ses were performed using R (version 3.3.0; R Foun-
dation for Statistical Computing) and Stata (version
13; StataCorp).

Results
Study population

Baseline characteristics of 45,436 participants over-
all and stratified by baseline disease number catego-
ries are shown in Table 1. Participants had a mean
age of 55.67 + 8.21 (SD, standard deviation) years,
and 55.35% were female. There were significant dif-
ferences between disease number categories for all
covariates (all Ps < 0.001). Age-related disease num-
bers identified at baseline ranged from O to 11, with
20,857 reported none of the disease and 13,372 par-
ticipants reported one and 11,207 reported two or
more. Compared with participants with zero disease,
participants with multimorbidity at baseline tended
to be older, male, of white ethnicity, to have higher
TDI and lower education level, less active physically,
more smokers, and less alcohol consumers, and to
have higher body mass index, a lower longevity GRS.

Retinal age gap in the study population followed a
nearly normal distribution (Supplementary Figure 1).
The mean (SD) of retinal age gap is 0.54 (4.06) years.
Age- and sex-adjusted models showed that older age,
male sex, non-White ethnicity, meeting exercise rec-
ommendations, and higher longevity genetic risk
scores were associated with lower retinal age gaps
while higher Townsend deprivation, smoking, alcohol
consumption, and BMI was significantly associated
with larger retinal age gaps (all P value < 0.05, Sup-
plementary Table 3).

Disease numbers and retinal age gap at baseline

The associations between disease numbers and retinal
age gap are shown in Table 2. After adjusting for age
and gender, disease numbers had significantly asso-
ciations with retinal age gaps (model 1: f = 0.093,
95% CI 0.064, 0.122, P < 0.001). When partici-
pants were categorized into different disease number
groups, compared to participants with zero disease
number, those with multimorbidity and one disease
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Table 1 Baseline characteristics stratified by disease number groups at baseline
Baseline characteristics Overall Disease number category p value
0 1 >2

Number of participants 45,436 20,857(45.90) 13,372 (29.43) 11,207 (24.67)
Age, years, (mean (SD)) 55.67 (8.21) 53.04 (7.97) 56.22 (7.96) 59.91 (6.96) <0.001
Sex, n (%) <0.001
Female 25,151 (55.35) 11,938 (57.24) 7519 (56.23) 5694 (50.81)
Male 20,285 (44.65) 8919 (42.76) 5853 (43.77) 5513 (49.19)
Ethnicity, n (%) <0.001
White 41,592 (91.54) 18,975 (90.98) 12,296 (91.95) 10,321 (92.09)
Others 3844 (8.46) 1882 (9.02) 1076 (8.05) 886 (7.91)
Townsend, mean + SD —1.07 (2.96) -1.10 (2.92) —1.11 (2.96) —0.95 (3.04) <0.001
Education, n (%) <0.001
College/university 16,687 (36.73) 8543 (40.96) 4897 (36.62) 3247 (28.97)
Others 28,749 (63.27) 12314 (59.04) 8475 (63.38) 7960 (71.03)
Meeting moderate/vigorous/walking recommendation, n (%) <0.001
No 6442 (17.16) 2805 (16.01) 1834 (16.72) 1803 (19.92)
Yes 31097 (82.84) 14,714 (83.99) 9135 (83.28) 7248 (80.08)
Smoking status, n (%) <0.001
Never 25,812 (57.12) 12,535 (60.41) 7592 (57.03) 5685 (51.10)
Ex/current 19,377 (42.88) 8215 (39.59) 5721 (42.97) 5441 (48.90)
Alcohol drinking status, n (%) <0.001
Never 2063 (4.56) 891 (4.29) 567 (4.25) 605 (5.42)
Ex/current 43,213 (95.44) 19,891 (95.71) 12,768 (95.75) 10,554 (94.58)
Body mass index, kg/m? (mean (SD)) 27.21 (4.72) 26.28 (4.24) 27.26 (4.64) 28.90 (5.17) <0.001
Longevity genetic risk scores (mean (SD)) 0.50 (0.05) 0.50 (0.05) 0.50 (0.05) 0.49 (0.05) <0.001
SD standard deviation
Table 2 Association between retinal age gap and disease numbers diagnosed at baseline

Model 1 Model 2 Model 3

Beta (95% CI) p value Beta (95% CI) p value Beta (95% CI) p value
Disease 0.093 (0.064, 0.122) <0.001 0.075 (0.042, 0.108) <0.001 0.071 (0.037, 0.105) <0.001

numbers

Disease number category
0 Reference Reference Reference
1 0.249 (0.171, 0.327) <0.001 0.200 (0.114, 0.286) <0.001 0.203 (0.116, 0.291) <0.001
>2 0.306 (0.219, 0.392) <0.001 0.263 (0.166, 0.361) <0.001 0.254 (0.154, 0.354) <0.001

Beta regression coefficient, CI confident interval

Model 1 adjusted for age and sex

Model 2 adjusted for covariates in model 1 and ethnicity, Townsend, education, physical activity, smoking status, alcohol drinking

status, body mass index

Model 3 adjusted for covariates in model 2 and longevity genetic risk scores (GRS)
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both showed significant increases in retinal age gaps
(model 1: f =0.306, 95% CI10.219, 0.392; P < 0.001;
p=0.249,95% CI = 0.171, 0.327; P < 0.001; respec-
tively). These findings remained significant after
comprehensive adjustments for covariates (model 3:
= 0.254, 95% CI 0.154, 0.354; P < 0.001; # = 0.203,
95% CI1 0.116, 0.291; P < 0.001; respectively).

Retinal age gap and multimorbidity

After a median follow-up period of 11.38 (IQR,
11.26-11.53; range, 0.02--11.81) years, a total of
3607 (17.29%) participants had incident multimorbid-
ity. As shown in Table 3, compared with those who
did not experience the outcome, participants with
incident multimorbidity tended to be older, male, of
white ethnicity, and have lower TDI and education
level, smokers, to have higher body mass index, and
with lower longevity GRS (all Ps < 0.001).

After adjusting for age and sex, each S5-year
increase in retinal age gap was independently

associated with a 12% increase in the risk of multi-
morbidity (model 1: HR = 1.12, 95% CI =1.07, 1.18;
P < 0.001), as shown in Table 4. This association
remained significant after further adjustments (model
2: HR = 1.09, 95% CI 1.03, 1.15, P = 0.003; model
3: HR = 1.08, 95% CI 1.02, 1.14, P = 0.008). Com-
pared with groups of retinal age gap within + 3 years,
retinal age gap less than minus 3 years was associated
with a 9% decreased multimorbidity risk (model 1:
HR = 0.91, CI 0.83, 0.99, P = 0.038) while retinal
age gap more than 3 years showed an 15% increased
risk of multimorbidity incidence (model 1: HR =
1.15, CI 1.06, 1.25, P = 0.001). Individuals with
a retinal age gap of more than 3 years showed 12%
increased risk of multimorbidity incidence in fully
adjusted models. In addition, the Kaplan-Meier sur-
vival curves for each retinal age gap group did not
cross, supporting the proportional hazards assump-
tion (Supplementary Figure 2).

Restricted cubic spline analyses showed that the
risk of incident multimorbidity increased significantly

Table 3 Baseline
characteristic of participants
without reported diseases

Baseline characteristics

Incident multimorbidity ~Non-incident  p value
multimorbidity

of interests stratified by Number of participants 3607 17,250

incident multimorbidity Age, years, (mean (SD)) 57.67 (7.56) 5208 (7.71)  <0.001
Sex, n (%)
Female 1876 (52.01) 10,062 (58.33) <0.001
Male 1731 (47.99) 7188 (41.67)
Ethnicity, n (%)
White 3337 (92.51) 15,638 (90.66) <0.001
Others 270 (7.49) 1612 (9.34)
Townsend, mean + SD —1.27 (2.85) —1.06 (2.94) <0.001
Education, n (%)
College/university 1196 (33.16) 7347 (42.59) <0.001
Others 2411 (66.84) 9903 (57.41)
Meeting moderate/vigorous/walking recommendation, n (%)
No 471 (16.24) 2334 (15.97) 0.732
Yes 2429 (83.76) 12,285 (84.03)
Smoking status, n (%)
Never 1958 (54.57) 10,577 (61.63) <0.001
Ex/current 1630 (45.43) 6585 (38.37)
Alcohol drinking status, n (%)
Never 152 (4.24) 739 (4.30) 0.901
Ex/current 3437 (95.76) 16,454 (95.70)
Body mass index, kg/m2 (mean (SD)) 27.33 (4.64) 26.06 (4.12) <0.001
Longevity genetic risk scores (mean (SD)) 0.49 (0.05) 0.50 (0.05) <0.001

SD standard deviation

@ Springer
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Table 4 Association between retinal age gap and incident multimorbidity
Retinal age gap Model 1 Model 2 Model 3

HR (95%CI) p value HR (95%CI) p value HR (95%CI) p value
Retinal age gap, per 5 years 1.12 (1.07, 1.18) <0.001 1.09 (1.03, 1.15) 0.003 1.08 (1.02, 1.14) 0.008
Retinal age gap group
> 3 years younger 0.91 (0.83,0.99) 0.038 0.94 (0.85, 1.03) 0.195 0.94 (0.85, 1.04) 0.258
+ 3 years Reference - Reference - Reference -
> 3 years older 1.15 (1.06, 1.25) 0.001 1.13 (1.02, 1.24) 0.015 1.12 (1.02, 1.24) 0.019

HR hazard ratio, CI confident interval

Model 1 adjusted for age and sex

Model 2 adjusted for covariates in model 1 and ethnicity, Townsend, education, physical activity, smoking status, alcohol drinking

status, body mass index

Model 3 adjusted for covariates in model 2 and longevity genetic risk scores (GRS)

] P for overall = 0.002
7 P for nonlinear = 0.028

retinal age gap

Fig. 1 Nonlinear association between retinal age gap and inci-
dent multimorbidity. The model was fitted with a restricted
cubic spline for retinal age gap adjusted for age, sex, ethnicity,
Townsend, education, physical activity, smoking status, alco-
hol drinking status, body mass index, and longevity genetic
risk scores (GRS). Evidence of an overall and nonlinear asso-

when the retinal age gap reached —1.78 years (P-over-
all = 0.002; P-nonlinear = 0.028, Fig. 1). After add-
ing interactive terms in the cox model, we identified
significant interaction effects between retinal age gap
and smoking status (p = 0.017) as well as education
level (p < 0.001).

Discussion

In this prospective large-scale population-based
study, we demonstrated that each 5-year increase of
retinal age gap was independently associated with
an 8% greater risk of incident multimorbidity. Reti-
nal age more than 3 years older from normal age-
ing indicated a 12% increased risk of multimorbid-
ity compared to those having retinal age gap within

ciation between retinal age gap and multimorbidity risk was
observed (Pyyeran = 0.002; P iinear = 0.028). The association
between retinal age gaps and multimorbidity is depicted as a
J-shaped curve, where positive retinal age gaps were associ-
ated with substantially increased risks of multimorbidity

+3 years. These findings suggest retinal age gap is
a promising biomarker of future occurrence of mul-
timorbidity independent of traditional risk factors.

To the best of our knowledge, this is the first
study to assess the association between biologi-
cal age and multimorbidity. We utilised retinal age,
which possesses many advantages over most of
existing aging biomarkers, including its non-inva-
sive nature, rapid assessment, and high accuracy.
Specifically, retinal images take up to 5 min per
scan and the DL model can calculate the age gap
within seconds. Retinal age achieved a MAE of 3.02
years which outperformed omics clocks (e.g., epi-
genetic clock: 3.3-5.2 years [9, 24], transcriptome
age: 6.2-7.8 years [25, 26]) and other imaging-
based clocks (e.g., brain age: 4.3-7.3 years) [27,
28].
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Although the biological mechanisms underlying
the association between retinal age gap and multimor-
bidity have not been fully established, several hypoth-
eses have been proposed. Individuals with higher
retinal age gaps may exhibit a higher prevalence of
harmful lifestyle behaviours. For example, previous
studies have shown a correlation between retinal age
and lifestyle factors such as smoking and physical
inactivity [14, 29, 30]. Additionally, the retinal ves-
sels linked to the systemic circulation can undergo
similar pathological changes responding to ageing
risk factors [31]. Several hallmarks such as oxida-
tive stress, chronic inflammation, and DNA damage
could be induced during ageing process [32], leading
to alterations in vascular dysfunction as reflected by
the retinal microvasculature [33, 34]. Consistent with
our findings, microvascular areas—particularly those
surrounding visible vessels in fundus imaging—were
highlighted as key features for age estimation. The
retinal age gap may capture these alterations, acting
as an early indicator of systemic aging and end-organ
damage. These changes could serve as early signs of
multimorbidity before its onset. Thus, multimorbidity
can be understood as a consequence of systemic age-
ing, with retinal age providing a quantifiable marker
of this process. Further research is needed to explore
the underlying biological mechanisms.

Our findings have several important clinical impli-
cations. An increased retinal age gap is a promising
biomarker for predicting the future occurrence of
multimorbidity. Despite the increasing prevalence of
patients with multimorbidity in the ageing society,
clinical practice guidelines remain primarily built
around single diseases. However, as opposed to those
with only a single disease, people with multimorbid-
ity experience a poorer quality of life and are higher
users of ambulatory and inpatient care [35, 36],
which can lead to many undesirable effects [37, 38].
By recognizing deviations from normal ageing, we
can identify individuals at higher risk of developing
multimorbidity. This early identification facilitates
patients’ self-management and personalized interven-
tions before disease onset. The potential for proac-
tive, personalized healthcare based on retinal age gap
assessment represents a step forward in addressing
the complex needs of an ageing society.

Our study benefits from clear strengths such as
the large sample size and multi-centre study design,
extensive adjustments for covariates and long
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follow-up period. However, our findings should be
interpreted cautiously considering its limitations.
Firstly, while large, the UK Biobank cohort was
mostly composed of relatively young and healthy
Caucasian adults, lending itself to selection bias,
which may limit generalizability [39]. Secondly,
due to the observational study design, we could not
infer causation. Thirdly, due to the lack of longitu-
dinal data of fundus images, we could not explore
the association of dynamic changes of retinal age
gap with incident multimorbidity. Moreover, the
possibility of residual confounding cannot be fully
excluded. Furthermore, while our analysis focused
on the overall association between retinal age gap
and multimorbidity, future research could explore
whether this relationship differs across disease
types, providing deeper insights into the biologi-
cal mechanisms linking retinal ageing to specific
health outcomes. Lastly, while the retinal age gap
demonstrates strong correlative value in associating
with systemic morbidity, its utility as a predictive
biomarker warrants further exploration. By leverag-
ing existing data, predictive modelling approaches
comparing with established risk factors could assess
whether the retinal age gap enhances forecasting
capabilities for disease onset or progression. Exter-
nal validation in diverse populations could also con-
firm the robustness. Additionally, biological links
between retinal changes and systemic aging would
strengthen its applicability in clinical settings.
These steps could transform the retinal age gap
from a descriptive metric into a prognostic tool with
actionable insights for personalized medicine.

In conclusion, our study suggests that retinal age
gap is a promising biomarker of future occurrence of
multimorbidity, independent of traditional risk fac-
tors. This can help identify individuals at higher risks
of developing multimorbidity and facilitate patients’
self-management and personalized interventions
before disease onset. Further research is needed to
explore the underlying biological mechanisms.
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