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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
This study presents an AI-based approach to quantify retinal ageing using color fundus images from the UK Biobank. By
fine-tuning the RETFound foundation model to predict chronological age, the authors define a “retinal age gap” (RAG)—the
difference between predicted and actual age—and show that this metric correlates with systemic traits such as
cardiometabolic health, inflammation, cognition, and mortality. Through sex-stratified analyses, they report broadly similar
model performance between males and females but distinct biological patterns, with metabolic associations predominating
in males and vascular features in females. 

Overall, this is a timely and interesting contribution intersecting artificial intelligence, imaging, and ageing research.
However, given the emphasis on sex differences, two points should be considered: 
1- Genetic related sex differences: It is surprising that no genome-wide significant associations mapped to the X
chromosome. The authors should clarify whether in their GWAS analysis any sub-threshold associations were observed, or
if their results could also be related to the reference panel they used. More generally, known X-linked retinal genes (e.g.,
RS1, RPGR, CHM, CACNA1F) are associated with distinct retinal imaging phenotypes visible on OCT or fundus images, it
would be useful to know whether variants in or near these loci showed any association with the retinal age gap phenotype.
A recent study mapped retinal traits to the X chromosome (e.g., Jackson et al., Nat. Commun., 2025), the paper should be
cited and their results discussed. 

2- Hormonal related sex differences: Given the wide age range of participants (40–80 years) and the strong physiological
and hormonal changes associated during this period in woman, it would be informative to explore whether the retinal age
gap differs if women are analysis with age stratification (for example below and above 55).This would help to understand if
vascular changes after menopause might mimic accelerated ageing signals in the retina, creating an apparent sex bias
unrelated to genetics, and which would appear when women are analysis as one group. 

Expanding the section biological interpretation of the sex-specific findings would strengthen the manuscript and provide a
clearer context for the observed sex effects. 

Reviewer #2 

(Remarks to the Author) 
This manuscript presents a large-scale analysis of retinal age prediction using a fine-tuned foundation model (RETFound)
on UK Biobank and Rotterdam Study datasets. The study is comprehensive, covering model benchmarking, sex-specific
analyses, and downstream clinical associations. The scale of the dataset and the integration of multimodal downstream
analyses make the work impactful. 

There are several major conceptual concerns regarding the definition, validity, and clinical usefulness of the proposed
retinal age gap (RAG) that must be addressed. In particular, the manuscript should clarify (1) what biological construct RAG
is actually measuring, (2) whether it is appropriate to train exclusively on nominally “normal” images, and (3) whether RAG



adds predictive value beyond chronological age. 

Training exclusively on “normal” retinas may introduce bias and lead to unrealistic ground-truth assumptions. As outlined in
the Methods, the model is trained to predict chronological age using UK Biobank fundus images that passed QC filtering.
This process preferentially excludes diseased or poor-quality images. But individuals with early or subclinical systemic or
ocular disease (e.g., early vascular dysfunction, preclinical AMD, diabetes) may still meet QC criteria. As a result, their
retinal phenotype may already deviate from a healthy baseline. The model, therefore, implicitly treats chronological age as a
clean ground truth, despite the likelihood that biological and pathological changes may precede clinical diagnosis. This
mislabeling could bias the learned age signal. 

The paper needs to compare the proposed method with chronological age and standard risk factors, showing the clinical
utility of RAG. The manuscript shows that RAG is statistically associated with mortality and multiple incident diseases (Fig.
3). However, it remains uncertain whether RAG provides incremental prognostic value beyond chronological age and
conventional clinical factors. Several of the authors’ own findings suggest that RAG may not offer additional predictive utility.
First, Chronological age itself is a strong predictor of mortality. Second, many vascular features (e.g., vessel density,
branching metrics) correlate with both RAG and chronological age in similar ways (Fig. 6), suggesting that RAG may largely
reflect age-related vasculopathy rather than a distinct biological construct. Third, although the Cox models adjust for major
risk factors, the manuscript does not present whether adding RAG improves model performance (e.g., change in C-index),
how RAG compares directly with chronological age, or whether it enhances risk classification relative to established models.
Without these key comparisons, it is difficult to assess the clinical relevance of RAG or determine whether it meaningfully
improves risk prediction rather than recapitulating variance already explained by chronological age. 

Please clarify whether Cole’s correction was applied uniformly across all downstream analyses (Fig. S1) and whether any
sex-specific residual bias persists (e.g., Fig. S2b). 

The manuscript reports that male retinas appear “younger,” but the proposed explanations (e.g., differences in height or
ocular dimensions) are not strongly supported. Additional empirical evidence or supplementary analyses would be needed
to justify sex differences in retinal age prediction. 

Although saliency and attention maps highlight the macula, optic disc, and vessels, such methods do not necessarily reveal
the underlying biological mechanisms. 

The authors should discuss how differences in phenotype definitions, imaging protocols, population characteristics, and
genetic replication variability across datasets may contribute to discrepancies in results. Additionally, please clarify whether
these cohort-level differences could affect the stability or generalizability of the retinal age model, and how future work
should account for such dataset-related inconsistencies. 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors have answered my questions. 

Reviewer #2 

(Remarks to the Author) 
Thanks for having a chance to go through the revised version and the rebuttal. Overall, I still have reservations regarding
approaches that train age-prediction models on broadly “normal” images and subsequently interpret the residual (RAG) as a
biologically meaningful signal. In line with Reviewer #2, I outline several concerns below. 

1. Unclear biological interpretation of RAG 

RAG is defined as the residual from chronological age, which is a mathematical construct rather than a biologically validated
measure. Although RAG demonstrates associations with multiple outcomes, these relationships do not elucidate the
underlying biological processes it reflects (e.g., vascular aging versus heterogeneous or nonspecific effects). Moreover, its
weak correlation with interpretable retinal features raises the possibility that RAG primarily captures residual variation rather
than a well-defined biological signal. 

2. Concerns regarding the supervision signal and the training objective 



The authors clarify that the dataset includes participants with diagnosed systemic and ocular diseases, which is helpful.
However, this raises a more fundamental concern regarding the training objective. The model is trained to predict
chronological age using a mean absolute error (MAE) loss. Under this setup, individuals with disease-related retinal
changes are still assigned their chronological age as the ground truth. As a result, the model is encouraged to fit these cases
as accurately as possible, which would tend to drive their predicted age and thus their RAG toward zero. This creates a
conceptual tension: if disease-related deviations are already absorbed into the training target, it is unclear how RAG can
later be interpreted as capturing biologically meaningful deviations from normal aging. In other words, the current framework
may implicitly treat disease-associated variation as part of the “normal” aging signal during training, rather than learning a
clean aging trajectory. This raises concerns about whether RAG reflects true biological aging differences or artifacts of the
training setup. 

3. Limited incremental clinical utility 

While RAG is statistically associated with multiple outcomes, its practical predictive value appears modest. Likelihood ratio
tests are consistently significant, but this is expected in large datasets and does not necessarily indicate meaningful
improvement in prediction. Gains in discrimination (e.g., C-index) are small and often not statistically significant, as
acknowledged by the authors. Furthermore, leave-one-out analyses suggest that chronological age remains the dominant
contributor to model performance, with RAG providing only incremental information. 

Taken together, these findings suggest that RAG captures some residual signal; however, its added value beyond
established predictors, particularly chronological age, appears limited. It therefore remains unclear whether RAG
meaningfully enhances clinical risk stratification or largely recapitulates information already contained in existing variables. 

Reviewer #3 

(Remarks to the Author) 
The authors have made a careful and useful revision in response to the conceptual issues raised by Reviewer #2.
Reframing the retinal age gap (RAG) as a deviation from a reference population’s retinal ageing trajectory, rather than as a
direct or absolute measure of biological age, is an important and appropriate correction. I agree that the residual-age
framework is not conceptually invalid. Chronological age is an imperfect but practical supervisory signal, provided that the
resulting residual is interpreted strictly as an age-orthogonal retinal imaging phenotype. 

The additional analyses and clarifications substantially strengthen the manuscript. These include the clarification of age-
bias correction, likelihood-ratio tests, C-index comparisons, leave-one-out contribution analyses, and stratification of female
participants by menopausal status and age. These additions address several of the key concerns raised by Reviewer #2,
particularly whether RAG simply recapitulates chronological age and whether the sex-specific findings have a plausible
biological interpretation. 

However, the conceptual framing still remains too strong in several places and should be further qualified. 

1. Clinical utility and effect sizes 

The data support RAG as a promising candidate retinal imaging biomarker associated with ageing-related clinical traits.
They do not establish RAG as a clinically useful risk prediction tool or as ready for personalized risk assessment. The
improvements in model discrimination, including C-index changes, appear limited for several outcomes, and the effect sizes
are generally modest. The manuscript should therefore soften statements that imply established clinical utility. 

2. Biological specificity and the OCA2 signal 

The biological specificity of the RAG signal warrants a more critical discussion. The prominent GWAS signal involving
OCA2 is particularly noteworthy, given its role in ocular pigmentation. Together with the latent-variable correlations with
RGB and intensity-related features, this raises a plausible concern that part of the model-derived retinal age signal may
reflect fundus pigmentation, color distribution, image brightness, or acquisition-related characteristics, rather than ageing
biology alone. This does not invalidate the findings, but it is directly relevant to the construct validity and generalizability of
RAG. The Limitations section should clearly state that genetic loci associated with RAG cannot be assumed to reflect
ageing-related pathways alone. 

3. Distinguishing the age-prediction model from the residual RAG phenotype 

The manuscript should more clearly distinguish the age-prediction model from the residual RAG phenotype. The saliency
and attention analyses suggest that the age-prediction model attends to the macula, optic disc, and vascular regions, among
other features. In contrast, the updated feature-correlation analyses suggest that the residual RAG phenotype is only weakly



explained by the predefined vascular and color features examined. These findings are not contradictory, because they refer
to different levels of analysis. However, the text should avoid implying that RAG is independent of vascular ageing in
general. A more cautious interpretation would be that RAG is not strongly explained by the explicit vascular and color
features examined here, while more complex, nonlinear, or spatially localized vascular contributions may remain. 

4. Nuance in the sex-specific interpretation 

The sex-specific narrative also needs refinement. Stating simply that male retinas appear younger may obscure the pattern
shown in the revised analyses, where the observed difference appears to be driven at least partly by higher RAG in older or
postmenopausal females, with males lying between younger and older female strata. The authors should frame this as a life-
stage-dependent pattern rather than a simple binary male-versus-female difference. If the authors wish to maintain a strong
sex-difference interpretation, stratifying males by the same age threshold or formally testing sex-by-age-group interactions
would be helpful. 

5. Methodological transparency relevant to interpretation 

Several methodological points should be clarified because they affect how the residual phenotype should be interpreted.
The manuscript should explicitly state which RAG measure was used for each downstream analysis, for example whether it
was based on a single eye, both-eye average, or all available images at the first imaging instance. It should also clarify
whether combined-sample and sex-stratified analyses used RAG derived from the combined model or from sex-specific
models. Finally, the description of covariate adjustment, including height and height squared, should be made consistent
across cross-sectional and survival analyses. 

In summary, this is a solid exploratory study of a retinal imaging biomarker. The authors have substantially addressed
Reviewer #2’s conceptual concerns, but the manuscript should more clearly frame RAG as a candidate age-orthogonal
retinal imaging phenotype, not as a direct measure of biological ageing or an established clinically useful risk prediction tool.
With this more cautious framing, the conceptual basis of the study would be sound and appropriately scoped. 

Version 2: 

Reviewer comments: 

Reviewer #2 

(Remarks to the Author) 
Thank you to the authors for addressing the concerns raised during the review process. I appreciate the effort that went into
revising the manuscript and clarifying several points. 

That said, I still have reservations about the proposed approach and its overall soundness. While the revisions have
improved the paper, they have not fully resolved my concerns. Given that the reviews will be public, I am not comfortable
stating that my concerns have been satisfactorily addressed when I still have substantive reservations. 

At this stage, I do not believe that further rounds of review would be productive, as I do not expect my assessment to change
substantially. I will therefore defer to the editor regarding the final decision, taking into account the other reviewers’
assessments and the journal’s standards. 

Reviewer #3 

(Remarks to the Author) 
I have reviewed the revised manuscript and the authors' responses. In my view, the authors have substantially addressed
the conceptual concerns from the previous round. The reframing of RAG as an age-orthogonal retinal imaging-derived
phenotype, rather than as a direct or absolute measure of biological age, is a particularly important correction. I also
appreciate that the manuscript now explicitly acknowledges that disease-related retinal features may be incorporated into
the learned age representation, that OCA2 and pigmentation- or brightness-related image features may contribute to part of
the RAG signal, and that genetic loci associated with RAG should not be interpreted exclusively as ageing-related biological
pathways. 

The distinction between the age-prediction model and the residual RAG phenotype is also clearer now, with the
interpretation of the model's saliency/attention patterns separated from that of the residual phenotype. I found the refinement
of the sex-specific interpretation persuasive: framing the findings as a life-stage-dependent pattern tied to menopausal status
and age, rather than a simple male-versus-female difference, fits the data better. The clarifications on eye-level versus
subject-level predictions, age-bias correction, combined versus sex-specific RAG measures, and the differing covariate
adjustment between cross-sectional and survival analyses are all helpful as well. 

The major conceptual issues are therefore largely resolved, and the remaining points are minor—addressable through
textual and technical revision. I recommend minor revision. 

1. Please further soften the wording around biological ageing and clinical utility in the Introduction and conclusion. The



Abstract and much of the Discussion now read appropriately, but the Introduction still contains phrases such as "promising
marker of biological aging" and "risk stratification in both clinical and population-level health settings,” and the stated aim
still refers to “assess their clinical utility." Given the modest effect sizes and the limited improvements in discrimination, more
cautious wording would be preferable—for example, "candidate retinal imaging-derived aging-associated phenotype" and
"potential relevance for future risk stratification research." 

2. I would suggest softening the use of "predicts" in the survival-analysis section. The prospective associations are
important, but the results do not establish RAG as a clinically useful prediction tool. The heading "Retinal age gap predicts
mortality and incident disease" might be changed to "Retinal age gap is prospectively associated with mortality and incident
disease," which would better align with the cautious framing adopted elsewhere. 

3. Please check the notation and algebraic specification of the age-bias correction formula. In Methods, p.15, lines 536–537,
predicted age is said to be regressed on chronological age to estimate the slope and intercept, but both quantities appear to
be denoted by the same symbol. The subsequent statement that predicted age was adjusted by "subtracting and dividing
by" is consequently ambiguous. Please state the fitted linear model and the correction formula explicitly. 

4. Please temper the final statement on precision medicine. The sex-stratified and menopause-stratified analyses are
valuable, but the current data do not establish direct clinical implementation. "Advancing their application in precision
medicine" could be softened to something like "informing future biomarker development" or "guiding future studies of sex-
specific ageing biomarkers." 

These remaining points are minor, concerning wording and technical clarity rather than substance. From my perspective, no
additional major analyses are needed. 
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Reviewer #1 (Remarks to the Author): 

This study presents an AI-based approach to quantify retinal ageing using color fundus images 

from the UK Biobank. By fine-tuning the RETFound foundation model to predict chronological 

age, the authors define a “retinal age gap” (RAG)—the difference between predicted and actual 

age—and show that this metric correlates with systemic traits such as cardiometabolic health, 

inflammation, cognition, and mortality. Through sex-stratified analyses, they report broadly similar 

model performance between males and females but distinct biological patterns, with metabolic 

associations predominating in males and vascular features in females. 

We thank the Reviewer for their careful reading of our manuscript and for their thoughtful and 

constructive comments. We appreciate their positive assessment of the timeliness and 

interdisciplinary nature of our work, and we are grateful for the opportunity to further clarify 

and expand on the sex-specific findings. 

Overall, this is a timely and interesting contribution intersecting artificial intelligence, imaging, and 

ageing research. However, given the emphasis on sex differences, two points should be 

considered:  

1- Genetic related sex differences: It is surprising that no genome-wide significant associations 

mapped to the X chromosome. The authors should clarify whether in their GWAS analysis any 

sub-threshold associations were observed, or if their results could also be related to the reference 

panel they used. More generally, known X-linked retinal genes (e.g., RS1, RPGR, CHM, 

CACNA1F) are associated with distinct retinal imaging phenotypes visible on OCT or fundus 

images, it would be useful to know whether variants in or near these loci showed any association 

with the retinal age gap phenotype. A recent study mapped retinal traits to the X chromosome 

(e.g., Jackson et al., Nat. Commun., 2025), the paper should be cited and their results discussed. 

Response: 

We agree that, given our emphasis on sex differences, a careful examination of X 

chromosome associations is highly relevant. In our genome-wide analyses, we did not 

observe any genome-wide significant associations on the X chromosome in either the 

combined or sex-stratified GWAS. In the combined-sex analysis, there was a single sub-

threshold association (rs1494435, p = 2.76×10⁻⁷), mapping to the lncRNA RP11-298A8.2; 

however, this variant and locus have not previously been linked to any phenotype, and no 

additional supporting signal was observed in the region. 

We specifically examined whether variants in or near known X-linked retinal disease genes 

highlighted by the Reviewer (e.g., RS1, RPGR, CHM, CACNA1F) showed any association 

with retinal age gap (RAG), even at sub-threshold levels. We did not detect evidence of 

association at these loci. These genes are primarily implicated in rare, often early-onset 

retinopathies with distinct structural phenotypes. In contrast, our model was trained in a 

population-based cohort aged 40–80 years and is therefore more likely to capture common, 

late-onset and aging-related changes in the retina. It is plausible that structural abnormalities 

driven by the mentioned X chromosome genes are either underrepresented in the UK Biobank 



cohort or not major contributors to inter-individual variation in retinal aging within this age 

range. 

We also thank the Reviewer for pointing out the recent study by Jackson et al. (Nat. Commun., 

2025), which reported four X chromosome loci associated with OCT-derived retinal thickness 

traits. We have now cited and discussed this work in the revised manuscript. Notably, we did 

not observe even sub-threshold associations at the SHROOM2 or EFNB1 loci identified in 

that study. This may reflect important modality-specific differences: genetic signals for 

features derived from OCT and color fundus images have been shown to differ substantially, 

as these imaging techniques capture distinct anatomical and physiological properties of the 

retina. Indeed, retinal thickness measures may reflect structural variation not readily visible in 

color fundus photographs. 

Finally, regarding technical considerations, we used UK10K-based reference panels for the 

autosomes, as recommended for UK Biobank, and constructed analogous panels from UK 

Biobank data for the X chromosome. Therefore, we consider it unlikely that the absence of 

significant X chromosome findings is attributable to imputation or reference panel limitations. 

We have incorporated a brief discussion of these points in the revised manuscript. 

Revised manuscript text (Discussion): 

Notably, despite prior reports of X-linked genes underlying retinal diseases and OCT-derived 

retinal thickness traits (De Silva et al., 2021; Jackson et al., 2025), we did not observe 

genome-wide significant associations on the X chromosome for RAG. This suggests that RAG 

primarily reflects common, age-related features visible on color fundus imaging, rather than 

retinal thickness variation or structural changes characteristic of rare, early-onset 

retinopathies. 

2- Hormonal related sex differences: Given the wide age range of participants (40–80 years) and 

the strong physiological and hormonal changes associated during this period in woman, it would 

be informative to explore whether the retinal age gap differs if women are analysis with age 

stratification (for example below and above 55).This would help to understand if vascular changes 

after menopause might mimic accelerated ageing signals in the retina, creating an apparent sex 

bias unrelated to genetics, and which would appear when women are analysis as one group. 

Response: 

We thank the Reviewer for this insightful suggestion. We agree that the age range of 

participants, together with the substantial physiological and hormonal changes occurring 

around menopause, could influence retinal aging signals and potentially contribute to the 

observed sex differences. Following the Reviewer’s recommendation, we conducted 

additional analyses in females stratified by menopausal status and, separately, by age (<55 

vs ≥55 years). 

These analyses revealed that RAG differed across female life stages: 

younger/premenopausal females had lower RAG on average, whereas older/postmenopausal 

females had higher RAG, with males positioned between these two groups. Moreover, 
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associations between RAG and cardiometabolic biomarkers were generally stronger in 

postmenopausal/older females and more closely resembled those observed in males, 

whereas several traits, including ocular diseases, cancer and hypertension, showed stronger 

associations in younger/premenopausal females. These findings suggest that the apparent 

sex differences in retinal age may partly reflect life-stage–dependent biological processes, 

with females showing relative protection before menopause followed by a convergence 

toward male-like cardiometabolic risk profiles afterward. 

Overall, we found this analysis highly informative and believe it substantially clarifies the 

biological interpretation of the sex-specific findings. We have therefore incorporated these 

additional analyses into the Abstract, Results, Discussion, and Methods sections of the 

revised manuscript and provided detailed results in the Supplementary Figures. 

Revised manuscript text (Abstract): 

Retinal fundus images offer a non-invasive window into systemic aging. Here, we fine-tuned 

a foundation model (RETFound) to predict chronological age from color fundus images in 

71,343 participants from the UK Biobank, achieving a mean absolute error of 2.85 years. The 

resulting retinal age gap, i.e. the difference between predicted and chronological age, was 

associated with cardiometabolic traits, inflammation, cognitive performance, all-cause 

mortality, dementia, cancer, and incident cardiovascular disease. Genome-wide analyses 

identified genes related to longevity, metabolism, neurodegeneration, and age-related eye 

diseases. Sex-stratified models revealed consistent performance but divergent biological 

signatures: males had younger-appearing retinas and stronger links to metabolic syndrome, 

while in females, both model attention and genetic associations pointed to a greater 

involvement of retinal vasculature. Additional analyses indicated that retinal aging patterns in 

females vary across the menopausal transition, with older/postmenopausal females showing 

retinal age profiles and clinical associations that more closely resemble those observed in 

males. Our study positions retinal aging as a biologically meaningful and sex-sensitive 

biomarker that can support more personalized approaches to risk assessment and aging-

related healthcare.

Revised manuscript text (Results): 

Stratified analyses in females revealed that RAG was higher in postmenopausal than 

premenopausal females (∆ = 0.60, t = 10.7, p = 1e-26, d = 0.153), with male RAG positioned 

in between these groups (see Fig. S3a). Similar patterns were observed when stratifying 

females by age (<55 vs ≥55 years; Fig. S3b), with older females exhibiting higher RAG than 

younger females despite the orthogonalization of RAG to chronological age. 

In the RS, we observed a similar pattern: males had lower mean RAG than females, indicating 

younger-appearing retinas (∆ = 0.37, t = 2.9, p = 0.004, Cohen’s d = 0.085). When height was 

regressed out of the RAG, the sex difference was again reduced but not removed (∆ = 0.30, 

t = 2.4, p = 0.015, Cohen’s d = 0.071). Cross-application of sex-specific models yielded 

consistent results, with male retinas evaluated using the female-trained model showing a 

mean RAG of -0.81, and female retinas evaluated using the male-trained model showing a 

mean RAG of 0.67. When stratifying females by age (<55 vs ≥55 years), RAG was higher in 



older females than in younger females (∆ = 0.40, t = 2.29, p = 0.02, d = 0.09) or males 

(∆ = 0.51, t = 3.59, p < 0.001, d = 0.12), while there was no significant difference between 

younger females and males (∆ = 0.11, t = 0.63, p = 0.53, d = 0.02). These findings replicate 

the UKB results and further support the observation that retinal age predictions tended to 

estimate postmenopausal/older female retinas as appearing older than retinas of males and 

premenopausal/younger females. 

(...) 

To further explore potential hormonal influences, we repeated association analyses in females 

stratified by menopausal status and, separately, by age (<55 vs ≥55 years) (Fig. S4–S5 and

Tables S2–S3). Overall, associations between higher RAG and adverse cardiometabolic and 

inflammatory biomarkers were stronger in postmenopausal/older females than in 

premenopausal/younger females, rendering the former more similar to males in effect size 

patterns. Notable exceptions included sleep duration, which was associated with lower RAG 

only in premenopausal/younger females, and cataract, macular degeneration, cancer, and 

hypertension, for which associations were stronger in premenopausal/younger females. 

Interestingly, triglycerides, LDL, and total cholesterol were associated with lower RAG 

specifically in postmenopausal/older females, a pattern not observed in 

premenopausal/younger females or in males. 

(...) 

When stratifying females by menopausal status or age group (Fig. S6), most incident disease 

associations were driven by postmenopausal/older females, whereas associations in 

premenopausal/younger females were generally weaker and often not statistically significant, 

possibly reflecting both biological differences and lower event counts in the younger stratum. 

An exception was all-cause mortality, which showed significant effect in both younger and 

older females. 

Revised manuscript text (Discussion): 

We trained sex-specific models and found differences in RAG and its associations with clinical 

outcomes and genetic variants between females and males, with additional analyses 

suggesting that retinal aging patterns in females vary across the menopausal transition. 

(...) 

Our stratified analyses suggest that hormonal and life-stage factors may also contribute. 

Specifically, RAG was lower in younger or premenopausal females but higher in older or 

postmenopausal females, placing males between these two groups. This pattern parallels 

epidemiological observations in which females experience lower cardiometabolic risk prior to 

menopause, followed by a marked increase afterward, including a rise in CVD incidence 

(Fasero & Coronado, 2025). Such transitions may influence retinal vascular and metabolic 

features that the model captures as aging-related signals. 

Associations between RAG and cardiometabolic risk factors were stronger in males, 

consistent with the higher prevalence of metabolic syndrome and related conditions in men 

during midlife (Noubiap et al., 2025). However, when females were stratified by menopausal 

status or age, the pattern of associations in older or postmenopausal females became more 

similar to that observed in males, suggesting a convergence in risk profiles after the 

menopausal transition. In contrast, several traits, including short sleep duration, cancer, 
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hypertension, cataract, and macular degeneration, showed stronger associations with RAG 

in younger or premenopausal females. One possible explanation is that elevated RAG at 

younger ages may reflect early manifestation of conditions that typically emerge later in life, 

making them particularly informative markers of accelerated biological aging in this group. By 

comparison, in older or postmenopausal females, RAG may more strongly capture cumulative 

cardiometabolic and inflammatory processes that become more pronounced after the loss of 

estrogen’s protective effects. 

Revised manuscript text (Methods): 

We then defined the retinal age gap (RAG) as the difference between the corrected predicted 

age and the participant’s chronological age. To assess sex differences, we compared mean 

RAG values between females and males using independent-sample t-tests and quantified the 

effect size with Cohen’s d. To explore potential hormonal influences, we also compared RAG 

across female subgroups defined by menopausal status (UKB only, not available for RS) and 

by age (<55 vs ≥55 years) using the same approach. 

(...) 

We conducted sex-stratified analyses to explore differential associations, and reported effect 

sizes as standardized beta coefficients or odds ratios. In females, we further repeated 

analyses stratified by menopausal status and by age group (<55 vs ≥55 years) to examine 

potential differences across life stages. 

(...) 

We conducted analyses in the full sample, stratified by sex, and additionally stratified females 

by menopausal status and age group (<55 vs ≥55 years) to examine potential sex- and life-

stage–specific associations. 



Added Supplementary Figures: 

Figure S4. Models linking retinal age gap to risk factors and diseases in females stratified by 

menopause status and males (for visual comparison). (a) Ordinary least square linear regression 

and (b) logistic regression models were adjusted for socio-demographic factors. Outcomes are ordered 

by average effect size between the two female strata. Error bars represent the 95% confidence interval. 

Effects from premenopausal and postmenopausal females were compared using a z-test. Sample sizes 

and detailed results are shown in Tables S2 and S3. BMI: body mass index, BP: blood pressure, CRP: 

C-reactive protein, DBP: diastolic blood pressure, deg.: degeneration, FDR: false discovery rate, HDL: 

high-density lipoprotein, IGF-1: insulin-like growth factor 1, LDL: low-density lipoprotein, med.: 

medication, NLR: neutrophil-to-lymphocyte ratio, SBP: systolic blood pressure, surg.: surgery, WHR: 

waist-to-hip ratio. 



Figure S5. Models linking retinal age gap to risk factors and diseases in females stratified by age 

(<55 vs ≥55 years) and males (for visual comparison). (a) Ordinary least square linear regression and

(b) logistic regression models were adjusted for socio-demographic factors. Outcomes are ordered by 

average effect size between the two female strata. Error bars represent the 95% confidence interval. Effects 

from younger and older females were compared using a z-test. Sample sizes and detailed results are shown 

in Tables S2 and S3. BMI: body mass index, BP: blood pressure, CRP: C-reactive protein, DBP: diastolic 

blood pressure, deg.: degeneration, FDR: false discovery rate, HDL: high-density lipoprotein, IGF-1: insulin-

like growth factor 1, LDL: low-density lipoprotein, med.: medication, NLR: neutrophil-to-lymphocyte ratio, 

SBP: systolic blood pressure, surg.: surgery, WHR: waist-to-hip ratio. 



a

b

Figure S6. Retinal age gap associations with mortality and disease outcomes in female strata. 
Hazard ratios (HR) from Cox proportional hazards regression analyses linking retinal age gap to mortality 
and diseases are shown for females stratified by (a) menopausal status and (b) age (<55 vs ≥55 years), 
and males (for visual comparison). Models were adjusted for socio-demographic factors, common 
cardiovascular risk factors, and previous events from the same category. Outcomes are ordered by average 
HR between the two female strata. Error bars represent the 95% confidence interval. Effects from the 
female strata were compared using a z-test. Sample sizes, number of events, and detailed results are 
shown in Table S4. COPD: chronic obstructive pulmonary disease, CVD: cardiovascular disease, FDR: 
false discovery rate, IHD: ischemic heart disease, MI: myocardial infarction, NIC: non-ischemic 
cardiomyopathy.



Expanding the section biological interpretation of the sex-specific findings would strengthen the 

manuscript and provide a clearer context for the observed sex effects. 

Response: 

We are grateful to the Reviewer for addressing this important gap in our study. Based on the 

new results presented in the previous response, we expanded the biological interpretation of 

the sex-specific findings in the Discussion, including additional analyses stratified by 

menopausal status and age in females. We believe that these additions provide a clearer 

framework for understanding the observed sex differences and improve the overall 

interpretation of the results. We hope the Reviewer finds that these revisions strengthen the 

manuscript. 

Revised manuscript text (Discussion): 

We trained sex-specific models and found differences in RAG and its associations with clinical 

outcomes and genetic variants between females and males, with additional analyses 

suggesting that retinal aging patterns in females vary across the menopausal transition. 

(...) 

Our stratified analyses suggest that hormonal and life-stage factors may also contribute. 

Specifically, RAG was lower in younger or premenopausal females but higher in older or 

postmenopausal females, placing males between these two groups. This pattern parallels 

epidemiological observations in which females experience lower cardiometabolic risk prior to 

menopause, followed by a marked increase afterward, including a rise in CVD incidence 

(Fasero & Coronado, 2025). Such transitions may influence retinal vascular and metabolic 

features that the model captures as aging-related signals. 

Associations between RAG and cardiometabolic risk factors were stronger in males, 

consistent with the higher prevalence of metabolic syndrome and related conditions in men 

during midlife (Noubiap et al., 2025). However, when females were stratified by menopausal 

status or age, the pattern of associations in older or postmenopausal females became more 

similar to that observed in males, suggesting a convergence in risk profiles after the 

menopausal transition. In contrast, several traits, including short sleep duration, cancer, 

hypertension, cataract, and macular degeneration, showed stronger associations with RAG 

in younger or premenopausal females. One possible explanation is that elevated RAG at 

younger ages may reflect early manifestation of conditions that typically emerge later in life, 

making them particularly informative markers of accelerated biological aging in this group. By 

comparison, in older or postmenopausal females, RAG may more strongly capture cumulative 

cardiometabolic and inflammatory processes that become more pronounced after the loss of 

estrogen’s protective effects.
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Reviewer #2 (Remarks to the Author): 

This manuscript presents a large-scale analysis of retinal age prediction using a fine-tuned 

foundation model (RETFound) on UK Biobank and Rotterdam Study datasets. The study is 

comprehensive, covering model benchmarking, sex-specific analyses, and downstream clinical 

associations. The scale of the dataset and the integration of multimodal downstream analyses 

make the work impactful. 

We appreciate the Reviewer’s positive assessment of the scope and scale of our study, as 

well as their recognition of the value of integrating large imaging datasets with clinical and 

genetic analyses. The Reviewer’s thoughtful comments helped us clarify several important 

methodological aspects and strengthen the presentation of the manuscript. 

There are several major conceptual concerns regarding the definition, validity, and clinical 

usefulness of the proposed retinal age gap (RAG) that must be addressed. In particular, the 

manuscript should clarify (1) what biological construct RAG is actually measuring, (2) whether it 

is appropriate to train exclusively on nominally “normal” images, and (3) whether RAG adds 

predictive value beyond chronological age. 

Response: 

We thank the Reviewer for raising these important conceptual points regarding the 

interpretation and utility of the retinal age gap (RAG). In response, we have performed 

additional analyses and added clarifications to the manuscript. 

(1) What biological construct RAG measures 
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Conceptually, RAG measures individual deviation from the average aging trajectory of the 

reference population used to train the model (here the UK Biobank). Because the measure is 

derived from retinal images, it captures variation in biological processes that must be visibly 

reflected in those images, if not necessarily to the human eye, then to a computational model. 

Consistent with this interpretation, our analyses show that RAG is associated with multiple 

domains of health, including ocular, cardiovascular, metabolic, inflammatory, and cognitive 

outcomes. Importantly, RAG is defined to be orthogonal to chronological age, meaning it 

isolates variation in retinal aging that is independent of age itself. In this sense, RAG is not 

intended to replace chronological age as a predictor, but rather to capture complementary 

information about inter-individual variation around the expected aging trajectory. 

To clarify this conceptual definition, we have revised the Discussion. 

Revised manuscript text (Discussion): 

In this study, we fine-tuned RETFound to predict chronological age from retinal images, 

demonstrating robust generalization to an independent dataset with improved accuracy 

through averaging predictions from both eyes. The resulting retinal age gap (RAG)—the 

difference between predicted retinal age and chronological age—represents individual 

deviation from the average retinal aging trajectory of the reference population. 

(...) 

Overall, our study demonstrates that RAG offers a non-invasive, scalable marker of biological 

aging, sensitive to ocular, cardiovascular, metabolic, inflammatory, and cognitive dimensions 

of aging. Our findings highlight the potential of retinal imaging as an accessible tool for 

capturing systemic aging signals. Importantly, RAG is defined to be orthogonal to 

chronological age, thereby isolating independent variation in retinal aging. Our analyses 

further show that it contributes additional information beyond chronological age and 

conventional clinical risk factors. 

(2) Training on nominally “normal” images 

In our study, we applied a quality-control filter that excluded 25% of images. While this may 

appear substantial, many of these images were technically unusable (e.g., extremely dark or 

bright images, severe occlusion, or images where most of the retinal field was not visible). 

The remaining dataset still contained many images with visible pathologies, artifacts, and 

variable image quality; therefore, the retained images should not be interpreted as strictly 

“normal.” Our intention was to remove only the most severe technical artifacts, while 

preserving clinically meaningful variation. We provide a more detailed explanation of this 

design choice in the response to the following Reviewer comment. 

(3) Predictive value beyond chronological age 

We agree that it is important to evaluate whether RAG adds information beyond chronological 

age and conventional risk factors. To address this point, we conducted additional analyses 

including likelihood ratio tests comparing nested models with and without RAG, comparisons 



of model discrimination using the C-index, and leave-one-out analyses assessing the relative 

contribution of each covariate to model performance. These results are now reported in the 

manuscript and supplementary tables. Because these analyses are described in detail in 

response to the Reviewer’s subsequent comment, we refer the Reviewer to that section for a 

full description.

Training exclusively on “normal” retinas may introduce bias and lead to unrealistic ground-truth 

assumptions. As outlined in the Methods, the model is trained to predict chronological age using 

UK Biobank fundus images that passed QC filtering. This process preferentially excludes 

diseased or poor-quality images. But individuals with early or subclinical systemic or ocular 

disease (e.g., early vascular dysfunction, preclinical AMD, diabetes) may still meet QC criteria. 

As a result, their retinal phenotype may already deviate from a healthy baseline. The model, 

therefore, implicitly treats chronological age as a clean ground truth, despite the likelihood that 

biological and pathological changes may precede clinical diagnosis. This mislabeling could bias 

the learned age signal. 

Response:

The Reviewer raises an important point regarding the potential bias introduced by training the 

model on retinal images that passed quality control filtering. We would like to clarify that our 

study did not explicitly train the model on a “healthy” subset of individuals. Unlike some prior 

studies that exclude participants with diagnosed diseases during training, our approach aimed 

to train and evaluate the model on a general population sample. 

The quality control procedure applied in this study was designed to remove poor-quality 

images, not individuals with disease. The filtering step primarily excluded images that were 

unusable for analysis (e.g., very dark, highly blurred, or otherwise severely degraded images). 

Importantly, participants with diagnosed systemic or ocular diseases, including diabetes and 

common eye diseases, remained represented in both the training and test datasets. The 

resulting dataset therefore still contains a substantial number of individuals with disease, as 

shown in Table S3 (see N cases). 

We agree that image quality filtering can introduce a modest bias because certain diseases 

(e.g., cataract) may increase the likelihood of producing lower-quality images. This 

phenomenon has been previously quantified in our earlier work (Ortín Vela et al., 2024), where 

we demonstrated that increasingly stringent quality thresholds disproportionately exclude 

some individuals with disease (see the figure below). Based on that analysis, we selected a 

relatively lenient threshold that removes the lowest-quality 25% of images (red bars in the 

figure below), similar to the cutoff used in the reference study by Zekavat et al. (Zekavat et 

al., 2022). This represents a compromise between maintaining sufficient image quality for 

modeling and minimizing selection bias. 

To clarify this point for readers, we have revised the Methods and Discussion sections of the 

manuscript to explicitly state that the QC procedure targeted image quality rather than disease 

status, and that individuals with diagnosed disease remained included in the analysis if their 
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images passed QC. The possible bias introduced by QC filtering is now acknowledged as a 

limitation in the Discussion. 

[editorial note: third party material redacted] 

Revised manuscript text (Methods): 

To ensure image quality, we applied a quality control (QC) procedure based on the method 

described by Zekavat et al. (Zekavat et al., 2022), excluding the lowest-quality 25% of images. 

Briefly, a quality score was assigned to each image based on a deep learning model trained 

to identify poor-quality scans, and images below the 25th percentile of the score distribution 

were removed. Given the overall distribution of image quality in the UKB dataset, this 

threshold primarily excluded images that were severely degraded (e.g. very dark or highly 

blurred), while retaining images of moderate quality, including those from participants with 

ocular or systemic diseases. 

Revised manuscript text (Discussion): 

Furthermore, both cohorts represent relatively healthy, aging populations. The applied image 

quality filter may also introduce a modest bias toward excluding individuals with disease, as 

certain ocular conditions can increase the likelihood of producing lower-quality images (see 

(Ortín Vela et al., 2024) for a detailed quantification of this effect). Although individuals with 

diagnosed diseases remained represented in our study sample, the findings may not 

generalize to clinical populations with higher disease burden or atypical ocular presentations.

The paper needs to compare the proposed method with chronological age and standard risk 

factors, showing the clinical utility of RAG. The manuscript shows that RAG is statistically 

associated with mortality and multiple incident diseases (Fig. 3). However, it remains uncertain 

whether RAG provides incremental prognostic value beyond chronological age and conventional 

clinical factors. Several of the authors’ own findings suggest that RAG may not offer additional 

predictive utility. First, Chronological age itself is a strong predictor of mortality. Second, many 

vascular features (e.g., vessel density, branching metrics) correlate with both RAG and 

chronological age in similar ways (Fig. 6), suggesting that RAG may largely reflect age-related 

vasculopathy rather than a distinct biological construct. Third, although the Cox models adjust for 

major risk factors, the manuscript does not present whether adding RAG improves model 

performance (e.g., change in C-index), how RAG compares directly with chronological age, or 

whether it enhances risk classification relative to established models. Without these key 

comparisons, it is difficult to assess the clinical relevance of RAG or determine whether it 

meaningfully improves risk prediction rather than recapitulating variance already explained by 

chronological age. 

Response:

We agree that it is important to assess whether retinal age gap (RAG) provides prognostic 

information beyond chronological age and conventional clinical risk factors. To address this 

point, we performed several additional analyses quantifying the incremental predictive value 

of RAG. 
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First, we formally tested the contribution of RAG using likelihood ratio tests (LRT) comparing 

nested models with and without RAG. These analyses were conducted for all association 

models presented in Figures 2 and 3, including both risk factor associations and Cox 

proportional hazards models. In all cases where RAG was reported as significantly associated 

with outcomes in the original analysis, the LRT confirmed that inclusion of RAG significantly 

improved model fit. The corresponding ꭓ² statistics and p-values have now been added to 

Tables S2-S4. 

Second, we evaluated whether RAG improves predictive discrimination by comparing C-

indices of models with and without RAG. We observed statistically significant improvements 

in discrimination for all-cause mortality in all samples, as well as for stroke and COPD in the 

combined and male samples. For other outcomes, the magnitude of these improvements was 

non-significant, even when RAG significantly improved model fit according to LRT, which is 

consistent with prior work showing that strong baseline predictors such as age and sex limit 

improvements in C-index for otherwise meaningful predictors (Zoccali & Tripepi, 2026). 

Third, to further quantify the relative importance of RAG compared with other predictors (i.e., 

chronological age and standard risk factors), we performed a leave-one-out analysis of model 

contribution. Specifically, for each Cox model, we calculated the percent change in the model 

χ² statistic when each predictor was removed individually. This analysis estimates the loss of 

predictive information attributable to removing each variable. As expected, chronological age 

was the strongest contributor for most outcomes (with smoking ranking first for COPD). 

Importantly, RAG ranked among the top five contributors for five outcomes: mortality, COPD, 

stroke, dementia, and cancer (updated Figure 3). In contrast, RAG contributed less to 

prediction of CVD outcomes, where classical cardiovascular risk factors accounted for a larger 

share of the model’s predictive power (Figures 3 and S7). 
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Figure 3. Retinal age gap associations with mortality and disease outcomes. (a) Hazard ratios 

(HR) from Cox proportional hazards regression analyses linking retinal age gap (RAG) to mortality and 

incident diseases in the combined, female, and male samples. Models were adjusted for socio-

demographic factors, common cardiovascular risk factors, and previous events from the same 

category. Outcomes are ordered by average HR between the three sex categories. Error bars represent 

the 95% confidence interval. Female- and male-specific effects were compared using a z-test. Sample 

sizes, number of events, and detailed results are shown in Table S4. (b) Relative contribution of 

predictors to mortality risk in the multivariable Cox model, quantified as the percent change in model χ² 

when each variable is removed from the model. (c) Relative contribution of predictors to disease risk 

for selected outcomes using the same leave-one-out approach as in panel (b). Additional 

cardiovascular outcomes (IHD, NIC, and MI) are shown in Fig. S7. Detailed results are presented in 



Table S5. COPD: chronic obstructive pulmonary disease, CVD: cardiovascular disease, FDR: false 

discovery rate, IHD: ischemic heart disease, MI: myocardial infarction, NIC: non-ischemic 

cardiomyopathy. 

Figure S7. Relative contribution of predictors in Cox proportional hazards models for additional 

cardiovascular outcomes. Relative contribution of predictors to incident ischemic heart disease (IHD), 

myocardial infarction (MI), and non-ischemic cardiomyopathy (NIC) was quantified as the percent 

change in model χ² when each variable is removed from the multivariable Cox model. The analysis 

uses the same leave-one-out procedure as in Fig. 3b–c. Detailed results are presented in Table S5. 

Regarding the Reviewer’s comment on vascular image features (Figure 6), we would like to 

clarify that this analysis examined correlations between latent variables (LVs) from the retinal 

age estimation model and explicit retinal vascular features, not correlations with RAG itself. 

The observation that these LVs correlate with vascular metrics that also correlate with 

chronological age is expected and supports that the model captures biologically meaningful 

age-related retinal characteristics. To address the Reviewer’s concern more directly, we have 

now computed correlations between these vascular features and RAG (added to Figure 6), 

which are substantially weaker than those observed with the model LVs or chronological age. 

Taken together, these findings suggest that: 

1. The retinal age prediction model captures retinal features that track with chronological 

aging, as expected for a model trained to estimate age from retinal images. 

2. RAG, the residual component orthogonal to age, shows substantially weaker correlations 

with explicit vascular features, indicating that it captures variation not explained by age or 

by commonly measured retinal vascular metrics. 

Finally, regarding the suggestion that RAG may reflect age-related vasculopathy rather than 

a distinct biological construct, we note that this would not necessarily be undesirable. RAG is 

not intended to represent a completely separate biological process; rather, it is designed to 

integrate multiple aging-related signals present in retinal images into a single phenotype. If 

retinal vasculopathy represents an important manifestation of systemic aging, its contribution 

to RAG would be consistent with the intended interpretation of this measure. 



Revised manuscript text (Methods): 

To evaluate whether RAG contributed additional explanatory power beyond other covariates, 

we performed likelihood ratio tests comparing nested models with and without RAG. 

(...) 

To assess the incremental contribution of RAG, we performed likelihood ratio tests comparing 

nested Cox models with and without RAG. We corrected p-values for multiple testing (30 tests) 

using FDR (Benjamini & Hochberg, 1995) with an alpha threshold of 0.05. We also evaluated 

changes in model discrimination by comparing Harrell’s C-index between the nested models 

using bootstrap resampling (200 iterations). 

To quantify the relative importance of each predictor (including covariates), we conducted a 

leave-one-out analysis in which each variable was removed from the multivariable model one 

at a time and the resulting reduction in model fit was calculated from the change in log-

likelihood. The corresponding chi-square statistic was computed for each variable and 

expressed as a percentage of the total chi-square across predictors, providing an estimate of 

each variable’s relative contribution to the model. 

(...) 

Additionally, for the 24 image features, we computed correlations with the chronological age 

and RAG. 

Revised manuscript text (Results): 

Likelihood ratio tests comparing nested models with and without RAG confirmed that inclusion 

of RAG significantly improved model fit for all reported associations (Table S2). 

(...) 

Likelihood ratio tests confirmed that the inclusion of RAG significantly improved model fit for 

all reported associations (Table S3). 

(...) 

LRTs on nested models confirmed that inclusion of RAG significantly improved model fit for 

all reported survival associations (Table S4). Comparisons of model discrimination showed 

statistically significant improvements in C-index for all-cause mortality in all samples, as well 

as for stroke and COPD in the combined and male samples. For other outcomes, 

improvements in C-index were modest and not statistically significant despite significant 

improvements in model fit according to LRTs, consistent with findings that strong baseline 

predictors such as age and sex can limit changes in C-index for otherwise meaningful clinical 

predictors (Zoccali & Tripepi, 2026). 

To further evaluate the importance of RAG relative to other predictors, we performed a leave-

one-out analysis of the Cox models in which each covariate was removed individually and the 

resulting reduction in model fit was quantified. As expected, chronological age was the 

strongest contributor for most outcomes, while smoking was the dominant predictor for COPD. 

Notably, RAG ranked among the five largest contributors for five outcomes—mortality, COPD, 

stroke, dementia, and cancer (Fig. 3b–c and Table S5). In contrast, RAG contributed less to 

prediction of overall CVD, where classical cardiovascular risk factors accounted for a larger 

share of the model’s predictive performance (Fig. 3c, Fig. S7, and Table S5). 

(...) 
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By contrast, correlations between these features and RAG were weak (rightmost column of 

Fig. 6), indicating that the residual retinal age signal captured by RAG is largely independent 

of the explicit vascular and color features examined here. 

Revised manuscript text (Discussion): 

In fact, HRs were higher in females for stroke, thrombosis, and overall CVD, though not 

significantly so, likely due to limited statistical power (Table S4). Consistent with this pattern, 

the relative contribution of RAG to model prediction for these outcomes was also greater in 

females compared with males and the combined sample. While males have a higher overall 

risk of CVD [29], our findings suggest that this difference may be largely captured by traditional 

risk factors included in the models. In contrast, the additional variance captured by RAG may 

be more informative in females, potentially reflecting sex-specific biological aging processes 

not well represented by traditional risk metrics. 

(...) 

Overall, our study demonstrates that RAG offers a non-invasive, scalable marker of biological 

aging. Importantly, RAG is defined to be orthogonal to chronological age, thereby isolating 

independent variation in retinal aging. Our analyses further show that it contributes additional 

information beyond chronological age and conventional clinical risk factors. 



Updated Figure 6:

Figure 6. Correlation map between the model’s 1024 latent variables and interpretable image 

features, in the combined sample for fold 1 (n=24,044 images). For every image feature, the 

maximum and mean absolute correlation with latent variables, the correlation with chronological age 

and retinal age gap are shown on the right side of the figure. CRAE: central retinal arterial equivalent, 

CRVE: central retinal venous equivalent, RAG: retinal age gap, SD: standard deviation, *: p<0.05.



Please clarify whether Cole’s correction was applied uniformly across all downstream analyses 

(Fig. S1) and whether any sex-specific residual bias persists (e.g., Fig. S2b). 

Response: 

We thank the Reviewer for this clarification request. 

(1) Application of Cole’s correction 

Yes, Cole’s correction was applied prior to defining the RAG, and the corrected RAG was 

used consistently for all downstream analyses in the manuscript. To make this explicit, we 

have clarified this point in the Methods as follows: 

We then defined the retinal age gap (RAG) as the difference between the corrected predicted 

age and the participant’s chronological age. All subsequent analyses were performed using 

this corrected RAG measure. 

(2) Sex-specific residual bias 

We did observe a residual difference in RAG between females and males even after adjusting 

for height (Fig. S2b). We interpret this remaining difference as reflecting biological variation 

between sexes rather than a methodological artifact. To further investigate this pattern, we 

performed additional analyses stratified by age and menopausal status in females. These 

results provide further insight into the observed sex differences and are described in detail in 

our response to the next comment.

The manuscript reports that male retinas appear “younger,” but the proposed explanations (e.g., 

differences in height or ocular dimensions) are not strongly supported. Additional empirical 

evidence or supplementary analyses would be needed to justify sex differences in retinal age 

prediction. 

Response: 

We are grateful to the Reviewer for raising this important point. We agree that the initially 

proposed explanations for the observed sex difference in RAG was partial and required further 

investigation. Given the cohort’s age range and the strong hormonal and physiological 

changes occurring during menopause for females, we conducted additional analyses in 

females stratified by menopausal status and, separately, by age (<55 vs ≥55 years), to better 

understand sex-specific retinal aging patterns. 

These analyses revealed that RAG differed across female life stages. Younger or 

premenopausal females had lower RAG on average, whereas older or postmenopausal 

females had higher RAG, with males positioned between these two groups. This pattern was 

also observed in the Rotterdam Study cohort, where older females exhibited higher RAG than 

younger females males, providing independent support for the life-stage–dependent pattern 

observed in UK Biobank. 



In addition to differences in mean RAG, we observed distinct patterns of clinical associations 

across female life stages. Associations between RAG and cardiometabolic biomarkers were 

generally stronger in postmenopausal or older females and more closely resembled those 

observed in males. In contrast, several traits, including ocular diseases, sleep duration, 

cancer, and hypertension, showed stronger associations with RAG in younger or 

premenopausal females. Together, these findings suggest that the apparent sex differences 

in retinal age may partly reflect life-stage–dependent biological processes, with females 

showing relative protection before menopause followed by a convergence toward male-like 

cardiometabolic risk profiles afterwards. 

We have incorporated the additional analyses into the Methods, Results, and Discussion 

sections of the revised manuscript and provided detailed results in the supplementary 

materials. 

Revised manuscript text (Methods): 

We then defined the retinal age gap (RAG) as the difference between the corrected predicted 

age and the participant’s chronological age. To assess sex differences, we compared mean 

RAG values between females and males using independent-sample t-tests and quantified the 

effect size with Cohen’s d. To explore potential hormonal influences, we also compared RAG 

across female subgroups defined by menopausal status (UKB only, not available for RS) and 

by age (<55 vs ≥55 years) using the same approach. 

(...) 

We conducted sex-stratified analyses to explore differential associations, and reported effect 

sizes as standardized beta coefficients or odds ratios. In females, we further repeated 

analyses stratified by menopausal status and by age group (<55 vs ≥55 years) to examine 

potential differences across life stages. 

(...) 

We conducted analyses in the full sample, stratified by sex, and additionally stratified females 

by menopausal status and age group (<55 vs ≥55 years) to examine potential sex- and life-

stage–specific associations. 

Revised manuscript text (Results): 

Stratified analyses in females revealed that RAG was higher in postmenopausal than 

premenopausal females (∆ = 0.60, t = 10.7, p = 1e-26, d = 0.153), with male RAG positioned 

in between these groups (see Fig. S3a). Similar patterns were observed when stratifying 

females by age (<55 vs ≥55 years; Fig. S3b), with older females exhibiting higher RAG than 

younger females despite the orthogonalization of RAG to chronological age. 

In the RS, we observed a similar pattern: males had lower mean RAG than females, indicating 

younger-appearing retinas (∆ = 0.37, t = 2.9, p = 0.004, Cohen’s d = 0.085). When height was 

regressed out of the RAG, the sex difference was again reduced but not removed (∆ = 0.30, 

t = 2.4, p = 0.015, Cohen’s d = 0.071). Cross-application of sex-specific models yielded 

consistent results, with male retinas evaluated using the female-trained model showing a 

mean RAG of -0.81, and female retinas evaluated using the male-trained model showing a 

mean RAG of 0.67. When stratifying females by age (<55 vs ≥55 years), RAG was higher in 



older females than in younger females (∆ = 0.40, t = 2.29, p = 0.02, d = 0.09) or males 

(∆ = 0.51, t = 3.59, p < 0.001, d = 0.12), while there was no significant difference between 

younger females and males (∆ = 0.11, t = 0.63, p = 0.53, d = 0.02). These findings replicate 

the UKB results and further support the observation that retinal age predictions tended to 

estimate postmenopausal/older female retinas as appearing older than retinas of males and 

premenopausal/younger females. 

(...) 

To further explore potential hormonal influences, we repeated association analyses in females 

stratified by menopausal status and, separately, by age (<55 vs ≥55 years) (Fig. S4–S5 and

Tables S2–S3). Overall, associations between higher RAG and adverse cardiometabolic and 

inflammatory biomarkers were stronger in postmenopausal/older females than in 

premenopausal/younger females, rendering the former more similar to males in effect size 

patterns. Notable exceptions included sleep duration, which was associated with lower RAG 

only in premenopausal/younger females, and cataract, macular degeneration, cancer, and 

hypertension, for which associations were stronger in premenopausal/younger females. 

Interestingly, triglycerides, LDL, and total cholesterol were associated with lower RAG 

specifically in postmenopausal/older females, a pattern not observed in 

premenopausal/younger females or in males. 

(...) 

When stratifying females by menopausal status or age group (Fig. S6), most incident disease 

associations were driven by postmenopausal/older females, whereas associations in 

premenopausal/younger females were generally weaker and often not statistically significant, 

possibly reflecting both biological differences and lower event counts in the younger stratum. 

An exception was all-cause mortality, which showed significant effect in both younger and 

older females. 

Revised manuscript text (Discussion): 

We trained sex-specific models and found differences in RAG and its associations with clinical 

outcomes and genetic variants between females and males, with additional analyses 

suggesting that retinal aging patterns in females vary across the menopausal transition. 

(...) 

Our stratified analyses suggest that hormonal and life-stage factors may also contribute. 

Specifically, RAG was lower in younger or premenopausal females but higher in older or 

postmenopausal females, placing males between these two groups. This pattern parallels 

epidemiological observations in which females experience lower cardiometabolic risk prior to 

menopause, followed by a marked increase afterward, including a rise in CVD incidence 

(Fasero & Coronado, 2025). Such transitions may influence retinal vascular and metabolic 

features that the model captures as aging-related signals. 

Associations between RAG and cardiometabolic risk factors were stronger in males, 

consistent with the higher prevalence of metabolic syndrome and related conditions in men 

during midlife (Noubiap et al., 2025). However, when females were stratified by menopausal 

status or age, the pattern of associations in older or postmenopausal females became more 

similar to that observed in males, suggesting a convergence in risk profiles after the 

menopausal transition. In contrast, several traits, including short sleep duration, cancer, 

https://paperpile.com/c/AW7wvC/swxV
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hypertension, cataract, and macular degeneration, showed stronger associations with RAG 

in younger or premenopausal females. One possible explanation is that elevated RAG at 

younger ages may reflect early manifestation of conditions that typically emerge later in life, 

making them particularly informative markers of accelerated biological aging in this group. By 

comparison, in older or postmenopausal females, RAG may more strongly capture cumulative 

cardiometabolic and inflammatory processes that become more pronounced after the loss of 

estrogen’s protective effects. 

Supplementary Figure (clarifying sex difference in RAG): 

a

b

Figure S3. Comparison of retinal age gap between female strata and males. Females were 
stratified by (a) menopausal status (pre vs post) and (b) age (<55 vs ≥55 years). Retinal age gap was 
estimated from the combined-sample model, after correction for the regression-to-the-mean bias. 
*: p<0.05, **: p<0.001 from t-test comparing groups.



Although saliency and attention maps highlight the macula, optic disc, and vessels, such methods 

do not necessarily reveal the underlying biological mechanisms. 

Response: 

We agree with the Reviewer that saliency and attention maps alone cannot establish the 

biological mechanisms underlying model predictions. Their role in this study is therefore to 

provide interpretative context for the model’s predictions rather than direct evidence of 

underlying biological mechanisms. In the revised manuscript, we emphasize that mechanistic 

interpretations rely not on these visualizations in isolation but on the convergence of evidence

from multiple complementary analyses. 

For example, the observation that the model’s attention highlights major retinal vessels, 

particularly in females, is consistent with our genetic findings, which identified associations 

with genes involved in retinal vasculature in females but not males. The convergence of 

attention maps and genetic results therefore supports the hypothesis that aspects of vascular 

remodeling may contribute to retinal aging in females more than in males. 

Similarly, the model’s attention to the optic disc, combined with the association between RAG 

and cognitive performance, future dementia risk, and genes linked to Alzheimer’s disease, all 

point to the possibility that structural variation in the optic nerve may reflect broader central 

nervous system aging processes. While these interpretations remain speculative given the 

observational and cross-sectional nature of the study, the convergence of genetic, clinical, 

and imaging evidence increases the plausibility of these hypotheses. 

We have added this consideration to the limitations section of the Discussion, clarifying that 

our interpretations rely on converging evidence from multiple complementary analyses. 

Revised manuscript text (Discussion): 

Finally, although our interpretations are supported by converging evidence from genetic 

analyses, saliency and attention maps, correlations with interpretable image features, and 

clinical associations, the precise biological mechanisms underlying the age-related signals 

captured by the models remain incompletely understood and will require further investigation 

in longitudinal and mechanistic studies.

The authors should discuss how differences in phenotype definitions, imaging protocols, 

population characteristics, and genetic replication variability across datasets may contribute to 

discrepancies in results. Additionally, please clarify whether these cohort-level differences could 

affect the stability or generalizability of the retinal age model, and how future work should account 

for such dataset-related inconsistencies. 

Response: 

We thank the Reviewer for highlighting the importance of factors that may generate 

discrepancies across retinal age studies and affect model generalizability. To address this 

point, we have clarified in the manuscript which aspects were harmonized between the UK 



Biobank (UKB) discovery analysis and the Rotterdam Study (RS) replication analysis, and 

which factors remain potential sources of heterogeneity. 

First, regarding phenotype definition, differences across studies may arise from both the 

modeling framework and the definition of the age-gap phenotype. Model architecture and 

training strategy can influence performance and learned representations; for example, 

convolutional neural networks (CNNs) have traditionally been used in retinal age prediction, 

whereas our study fine-tunes RETFound, a Vision Transformer–based foundation model 

pretrained on retinal images. We discuss these architectural considerations and their impact 

on performance in the Introduction and Discussion: 

Traditionally, deep learning in biomedical imaging has relied on convolutional neural 

networks (CNNs), but recent advances have introduced Vision Transformers as viable 

alternatives. While there is no consensus on which architecture performs best overall, 

evidence suggests performance is task- and data-dependent. For instance, Vision 

Transformers often outperform CNNs in classification tasks when large datasets and 

pretraining are available, whereas CNN-based models like nnU-Net continue to excel in 

3D medical image segmentation, particularly when rigorously validated and carefully 

configured (Isensee et al., 2024; Takahashi et al., 2024). RETFound, a foundation model 

for retinal images pretrained using a masked autoencoder with a large Vision Transformer 

backbone, has shown strong performance when fine-tuned for disease classification 

tasks, outperforming other contrastive learning-based approaches (Zhou et al., 2023). 

(...) 

With an MAE of 2.85 years and an R2 of 0.80, RETFound fine-tuned to predict age on UKB 

data outperformed previous CNN-based models, which have reported MAE between 3.08 

and 4.5 years and R2 between 0.51 and 0.77 (Ahadi et al., 2023; Le Goallec et al., 2021; 

Poplin et al., 2018; Rim et al., 2020; Zhu et al., 2023). Although foundation models require 

considerable computational resources to pretrain, our results suggest they offer a 

measurable benefit in downstream regression tasks such as age prediction.

We clarified the use of regression-to-the-mean correction following Cole et al. to obtain an 

age gap measure that is independent of chronological age. This correction is commonly 

applied in brain age studies but less consistently in retinal age studies. We now describe this 

rationale more explicitly in the Methods (revised manuscript):

Age-prediction models commonly exhibit regression-to-the-mean bias, whereby younger 

individuals tend to have their age overestimated and older individuals underestimated. 

This phenomenon induces a dependence between the resulting age gap and 

chronological age, which can introduce confounding in downstream analyses. To mitigate 

this bias, post hoc corrections are frequently applied in brain age studies but have been 

used less consistently in retinal age studies (de Lange & Cole, 2020). To correct for 

regression-to-the-mean bias in predicted age, we applied a post hoc adjustment following 

the procedure described by Cole et al. (Cole et al., 2018). Specifically, we fit a linear 
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regression of predicted age on chronological age to estimate the slope (𝛼) and intercept 

(𝛽), then adjusted predicted age by subtracting 𝛽 and dividing by 𝛼.

Second, we acknowledge that differences in imaging protocols, notably the camera model, 

field-of-view, and image quality control, can affect model performance and downstream 

analyses. In the replication analysis, we therefore selected color fundus images acquired with 

imaging settings most comparable to those used in UKB and applied similar quality-control 

procedures and age-range filters. We have added clarifications to the Methods explaining 

this harmonization strategy: 

Because discrepancies in results may arise from differences in imaging protocols and 

participant demographic characteristics, we aimed to select the subset of RS images most 

comparable to those used in the UKB analysis. For the model replication, CFIs acquired 

with the Topcon 3D OCT-2000 FA plus camera with a macula-centered field-of-view were 

used, as this modality was deemed most comparable to the UKB imaging while offering 

broad availability within the RS. In total, 37,771 fundus images were available from 7480 

participants (14,912 eyes across 8813 visits). After filtering by age (40 < age ≤ 70 years, 

a range encompassing 97% of the UKB sample) and image quality (excluding the lowest 

25%), 10,354 images from 4757 participants were retained for analysis (mean age = 58.0 

± 7.2 years).

Third, population characteristics can influence model behavior and generalizability. Both UKB 

and RS are predominantly composed of relatively healthy individuals of White European 

ancestry and share a similar age range, which reduces heterogeneity within our analyses but 

may limit generalizability to other populations. These points are discussed as study limitations 

(revised Discussion): 

Although RETFound was pre-trained on data with some ethnic diversity, both the UKB 

and RS cohorts analyzed here were predominantly composed of individuals of White 

European ancestry. As such, the generalizability of our results to other populations 

remains to be evaluated. Broader representation in training datasets will be essential to 

ensuring equitable performance across ancestries. Furthermore, both cohorts represent 

relatively healthy, aging populations. The applied image quality filter may also introduce a 

modest bias toward excluding individuals with disease, as certain ocular conditions can 

increase the likelihood of producing lower-quality images (see (Ortín Vela et al., 2024) for 

a detailed quantification of this effect). Although individuals with diagnosed diseases 

remained represented in our study sample, the findings may not generalize to clinical 

populations with higher disease burden or atypical ocular presentations.

Finally, for genetic analyses, we note that the RS replication sample is smaller than UKB, 

which may limit statistical power. For this reason, replication focused on testing signals 

identified in the discovery analysis rather than performing a fully independent genome-wide 

discovery (Methods): 

https://paperpile.com/c/AW7wvC/afP6


To assess replication of genetic findings, we adopted a candidate approach, applying FDR 

correction with a threshold 0.05 to p-values from SNPs, respectively genes, that were 

genome-wide significant in the UKB.

In addition, due to cohort-specific data structures, different imputation reference panels and 

GWAS software were used (UK10K and Regenie in UKB; Haplotype Reference Consortium 

v1.1 and PLINK 2.0 in RS), and GWAS results in RS were combined across sub-cohorts 

through meta-analysis. While such methodological differences could in principle influence 

individual variant-level results, many associations were successfully replicated, particularly at 

the gene level, suggesting that these differences did not excessively affect results. We clarify 

these aspects in the Methods: 

For the replication analysis, because imputation and QC were conducted independently 

in the four RS sub-cohorts, we first ran GWAS within each cohort and subsequently 

combined the results in a meta-analysis. Genotypes were imputed using the Haplotype 

Reference Consortium reference panel version 1.1 [69]. For the individual GWAS, we 

applied linear regression models in PLINK 2.0 [70], adjusting for age, sex, age-squared, 

age-by-sex, age-squared-by-sex, height, height-squared, spherical power, spherical 

power-squared, cylindrical power, cylindrical power-squared, and the first 10 genetic PCs. 

We then meta-analyzed results across cohorts using an inverse-variance weighted fixed-

effects approach implemented in METAL [71].

Overall, while some dataset differences cannot be fully controlled (e.g., imaging hardware or 

cohort composition), we minimized methodological discrepancies between discovery and 

replication analyses by harmonizing phenotype definitions, age ranges, imaging modalities, 

and analytical procedures wherever possible.
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We would like to sincerely thank all three Reviewers for their time, expertise, and thoughtful 

evaluation of our manuscript. We are particularly grateful for the opportunity to further revise our 

work and address the important concerns raised by Reviewer #2, together with the thorough and 

constructive feedback provided by Reviewer #3. We believe that the revisions have substantially 

strengthened the manuscript and improved the rigor and clarity of our interpretations. 

The principal revisions are summarized as follows: 

1. We refined the interpretation of RAG as a retinal imaging-derived aging-associated 

phenotype and clarified the distinction between the age-prediction model and the 

residual RAG phenotype. 

2. We further qualified the biological interpretation of RAG, including potential contributions 

from non-aging-related image characteristics and a more cautious interpretation of 

genetic associations. 

3. We revised the Abstract and Discussion to avoid overstating the immediate clinical utility 

of RAG and to better align conclusions with the observed effect sizes. 

4. We refined the interpretation of sex-specific findings by emphasizing the life-stage-

dependent patterns revealed by menopausal stratification. 

5. We improved methodological transparency by clarifying RAG derivation, the use of 

combined versus sex-specific models, and covariate adjustment strategies across 

analyses. 

A detailed point-by-point response to each comment is provided below. We hope that these 

revisions adequately address the remaining concerns. 

Reviewer #1 (Remarks to the Author): 

The authors have answered my questions. 

Response:

We thank the Reviewer for the thoughtful comments and constructive feedback provided 

during the review process. We believe these suggestions helped improve the clarity and 

overall quality of the manuscript. 

Reviewer #2 (Remarks to the Author): 

Thanks for having a chance to go through the revised version and the rebuttal. Overall, I still have 

reservations regarding approaches that train age-prediction models on broadly “normal” images 

and subsequently interpret the residual (RAG) as a biologically meaningful signal. In line with 

Reviewer #2, I outline several concerns below. 



Response:

We thank the Reviewer for carefully evaluating the revised manuscript and for raising these 

conceptual concerns regarding “age-gap” approaches. We agree that the interpretation of 

residual-based biomarkers warrants careful consideration and nuanced discussion. 

First, we would like to better contextualize our work within a rapidly growing body of literature 

that uses analogous frameworks across multiple biological domains. In particular, “brain age 

gap” approaches have been extensively studied and associated with a wide range of 

neurological and systemic outcomes (see systematic reviews in [1–3]). Similar paradigms 

have also been applied to retinal imaging [4], other organ systems [5,6], and molecular or 

proteomic aging measures [7–9]. More recently, a Nature study examining sleep patterns in 

relation to multi-organ biological age gaps adopted a highly comparable methodological 

framework [10]. These examples illustrate that residual-based aging phenotypes are 

increasingly being investigated as potentially informative biomarkers of health and disease 

risk. 

Importantly, however, we fully agree with the Reviewer that widespread adoption does not in 

itself establish biological validity. We are therefore grateful for these comments, which 

prompted us to refine how we describe and interpret the retinal age gap (RAG) phenotype 

throughout the manuscript. In the revised version, we have taken greater care to avoid 

overinterpreting RAG as a direct measure of a single biological process, and instead frame it 

more appropriately as an imaging-derived phenotype associated with aging-related health 

outcomes. 

We hope these revisions clarify the conceptual positioning of our work and its relevance within 

the broader biological age literature. 

1. Unclear biological interpretation of RAG 

RAG is defined as the residual from chronological age, which is a mathematical construct rather 

than a biologically validated measure. Although RAG demonstrates associations with multiple 

outcomes, these relationships do not elucidate the underlying biological processes it reflects (e.g., 

vascular aging versus heterogeneous or nonspecific effects). Moreover, its weak correlation with 

interpretable retinal features raises the possibility that RAG primarily captures residual variation 

rather than a well-defined biological signal. 

Response:

We agree with the Reviewer that RAG is, by definition, a residual-based construct and should 

not be interpreted as a direct or fully characterized measure of a specific biological aging 

process. We have therefore revised the manuscript to more carefully frame RAG as an 

imaging-derived aging-associated phenotype rather than a definitive mechanistic biomarker. 
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(Discussion): 

“Overall, our study demonstrates that RAG represents a non-invasive retinal imaging-

derived aging-associated phenotype linked to ocular, cardiovascular, metabolic, 

inflammatory, and cognitive dimensions of aging.

At the same time, we do not think that RAG should therefore be considered merely an arbitrary 

mathematical residual without biological relevance. Residual-based “age-gap” phenotypes 

across multiple modalities have repeatedly demonstrated robust cross-sectional and 

prognostic associations with disease, mortality, and other aging-related outcomes in 

independent cohorts [1–10]. Many investigators would consider such reproducible 

associations, particularly when they persist after adjustment for conventional risk factors, as 

evidence that these phenotypes capture biologically meaningful variation related to health and 

aging. 

Importantly, our study goes beyond reporting outcome associations alone. As noted by the 

Reviewer, understanding the biological basis of these signals remains an important challenge. 

Although necessarily incomplete, our work attempts to address this question through a 

combination of analyses that, to our knowledge, has not previously been applied together in 

retinal age-gap studies. Specifically, we performed extensive phenotypic association analyses 

across metabolic, inflammatory, cardiovascular, cognitive, lifestyle, and ocular variables, 

including sex-stratified analyses, as well as a genome-wide association study of RAG. 

Together, these analyses provide important insights into the potential biological processes 

associated with the phenotype. Nevertheless, as acknowledged in the Discussion, “the 

precise biological mechanisms underlying the age-related signals captured by the models 

remain incompletely understood and will require further investigation in longitudinal and 

mechanistic studies.” 

Regarding the relatively weak correlations with predefined retinal features, we believe this 

finding does not necessarily argue against biological relevance. Most of the interpretable 

retinal variables available in our study were vascular measurements, whereas the deep 

learning model was trained directly on raw retinal images and may capture more complex, 

distributed, and higher-dimensional patterns that are not reducible to a limited set of 

handcrafted features. This is a well-recognized characteristic of deep learning-derived 

imaging biomarkers across ophthalmology and medical imaging more broadly. Interestingly, 

the weak correlations with vascular features may suggest that RAG captures information 

extending beyond classical retinal vascular aging markers. In addition, model attention maps 

consistently highlighted regions around the macula and optic disc, suggesting that these areas 

may contribute importantly to the learned signal. As the optic disc contains neural structures, 

it is possible that part of the information captured by the model relates to neuroretinal changes, 

which could potentially be relevant to associations observed with dementia [11,12]. However, 

these interpretations remain speculative and will require dedicated investigations. Ongoing 

work in our group is further investigating which retinal image features and regions are most 

informative for different aging-related phenotypes. 
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Finally, we note that if RAG primarily reflected random residual variation or noise, it would be 

difficult to reconcile this with its associations across systemic biomarkers and clinical 

outcomes, as well as its substantial SNP-based heritability (~28%) and multiple significant 

genetic associations identified in our GWAS analyses. Together, these findings support the 

interpretation that RAG captures structured and biologically relevant variation, even if the 

precise underlying mechanisms remain to be fully elucidated. 

2. Concerns regarding the supervision signal and the training objective 

The authors clarify that the dataset includes participants with diagnosed systemic and ocular 

diseases, which is helpful. However, this raises a more fundamental concern regarding the 

training objective. The model is trained to predict chronological age using a mean absolute error 

(MAE) loss. Under this setup, individuals with disease-related retinal changes are still assigned 

their chronological age as the ground truth. As a result, the model is encouraged to fit these cases 

as accurately as possible, which would tend to drive their predicted age and thus their RAG toward 

zero. This creates a conceptual tension: if disease-related deviations are already absorbed into 

the training target, it is unclear how RAG can later be interpreted as capturing biologically 

meaningful deviations from normal aging. In other words, the current framework may implicitly 

treat disease-associated variation as part of the “normal” aging signal during training, rather than 

learning a clean aging trajectory. This raises concerns about whether RAG reflects true biological 

aging differences or artifacts of the training setup. 

Response:

We thank the Reviewer for this thoughtful comment and agree that it highlights an important 

conceptual aspect of age-prediction frameworks. Indeed, when models are trained to predict 

chronological age, disease-related image features present in the training data may partially 

contribute to the learned age representation. We agree that this creates an inherent tension 

in interpreting age-gap phenotypes and have revised the manuscript to discuss this limitation 

more explicitly. 

(Discussion/Limitations): 

“Conversely, because the model is trained to predict chronological age, disease-related 

retinal features present in the training data may be incorporated into the learned age 

representation, creating an inherent tension in the interpretation of the RAG phenotype, 

which likely reflects a mixture of normative aging processes and disease-related changes.” 

More specifically, we understand the Reviewer’s concern that if disease-associated retinal 

changes are present in individuals of a given chronological age, the model may partially learn 

these features as part of the expected age-related appearance. In principle, this could 

attenuate the residual signal in diseased individuals by shifting predicted age closer to 

chronological age, rather than producing large positive RAG values. 

One possible strategy to address this issue would have been to exclude participants with 

diagnosed diseases from the training dataset, as has been done in some age-gap studies 



aiming to approximate a “healthy aging” trajectory [5,8–10,13,14]. However, while this 

approach reduces the available training sample size, potentially limiting model performance, 

we believe it does not fully resolve the underlying conceptual problem. In fact, many aging-

related processes exist along a continuum, with pathological changes progressively 

accumulating long before clinical diagnosis. For example, lens opacity increases gradually 

with age, whereas cataract diagnosis reflects only the clinically overt end of this spectrum. 

Thus, excluding individuals with diagnosed cataract would still leave many individuals with 

subclinical or undiagnosed lens changes in the training data. Similar considerations likely 

apply to vascular, neurodegenerative, and metabolic retinal alterations. 

For this reason, we chose not to filter the training data based on disease status. Instead, the 

model was trained on the full spectrum of retinal aging-related variation present in the 

population, ranging from apparently healthy to subclinical and clinically manifest changes. In 

this context, we view RAG not as deviation from an idealized “healthy aging” trajectory, but 

rather as deviation from the population-average relationship between retinal appearance and 

chronological age. We have further clarified this in the manuscript. 

(Discussion): 

“The resulting retinal age gap (RAG)—the difference between predicted retinal age and 

chronological age—represents individual deviation from the average relationship between 

retinal appearance and chronological age in the reference population.” 

We also note that diagnosed ocular diseases represented a relatively small proportion of the 

dataset (ranging from 1.2% for AMD to 5% for cataract; see Table S3), reducing the likelihood 

that these cases disproportionately shaped the learned representation. In addition, the use of 

MAE loss reduces sensitivity to outliers compared with MSE-based optimization. 

More broadly, we believe this discussion reflects a fundamental challenge in aging research 

rather than a problem specific to our study or to age-prediction models alone: namely, how to 

define “healthy,” “normal,” and “pathological” aging in biological systems that change 

continuously over time. We do not claim that our framework resolves this issue, but rather that 

it represents one pragmatic and commonly used approach for studying aging-associated 

variation at the population level. 

3. Limited incremental clinical utility 

While RAG is statistically associated with multiple outcomes, its practical predictive value appears 

modest. Likelihood ratio tests are consistently significant, but this is expected in large datasets 

and does not necessarily indicate meaningful improvement in prediction. Gains in discrimination 

(e.g., C-index) are small and often not statistically significant, as acknowledged by the authors. 

Furthermore, leave-one-out analyses suggest that chronological age remains the dominant 

contributor to model performance, with RAG providing only incremental information. 

https://paperpile.com/c/AW7wvC/dt1F+lodk+Jfwj+Ng4f+HK5W+FCwc


Taken together, these findings suggest that RAG captures some residual signal; however, its 

added value beyond established predictors, particularly chronological age, appears limited. It 

therefore remains unclear whether RAG meaningfully enhances clinical risk stratification or largely 

recapitulates information already contained in existing variables. 

Response:

While it is true that chronological age is by far the strongest predictor of overall mortality and 

most diseases, we do not share the assessment that RAG only provides incremental 

information and that modest changes in C-index necessarily imply limited biological or clinical 

relevance. Rather, as we mention in the manuscript, the C-index can be over-conservative 

when strong predictors such as chronological age and sex are already included in the baseline 

model [15]. Because the C-index is a rank-based metric, a new predictor may meaningfully 

improve risk estimation while producing only small changes in C-index if it does not 

substantially reorder individuals relative to an already strong baseline model. For this reason, 

it has been argued that exclusive reliance on C-statistics may underestimate the relevance of 

novel predictors in epidemiological studies [15,16].

Importantly, chronological age being the dominant predictor of mortality and major age-related 

diseases is not surprising, but rather expected. To our knowledge, no age-independent 

biomarker has been shown to approach the predictive contribution of chronological age itself 

for outcomes such as mortality or age-related diseases. In this context, we found it notable 

that RAG emerged among the top contributors in leave-one-out analyses, ranking fourth for 

all-cause mortality and fifth for dementia, stroke, COPD, and cancer. In these models, RAG 

ranked just after age and a small number of major established risk factors such as smoking 

and socioeconomic status, while exceeding the contribution of several conventional risk 

factors including diabetes, hypertension, cholesterol, and BMI (see Fig. 3b-c). 

We believe an important conceptual distinction is that RAG, as an “age-gap” phenotype, is by 

definition orthogonal to chronological age. Consequently, any prognostic information carried 

by RAG reflects variance that is independent of chronological age itself. This differs from some 

biological aging markers, such as epigenetic clocks, which are highly correlated with 

chronological age and therefore derive a substantial proportion of their predictive performance 

from shared age-related variance. In contrast, the effects reported for RAG represent 

incremental information beyond age by construction. 

For these reasons, we believe it is both expected and methodologically appropriate that the 

effect sizes associated with RAG are substantially smaller than those of chronological age. 

However, we agree that our findings do not support direct clinical utility of RAG for risk 

prediction, and we have therefore removed statements suggesting such applicability and 

revised our interpretation accordingly. 

(Abstract):

“Our study positions the retinal age gap as a biologically relevant and sex-specific 

phenotype associated with multiple aging-related diseases and outcomes beyond 

conventional risk factors, including chronological age.” 
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(Discussion): 

“Overall, our study demonstrates that RAG represents a non-invasive retinal imaging-

derived aging-associated phenotype linked to ocular, cardiovascular, metabolic, 

inflammatory, and cognitive dimensions of aging. Our findings highlight the potential of 

retinal imaging as an accessible tool for capturing systemic aging signals. Importantly, RAG 

is constructed to be orthogonal to chronological age, thereby capturing variation in retinal 

appearance beyond that explained by age and providing complementary information to 

conventional clinical risk factors. ” 
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Reviewer #3 (Remarks to the Author): 

The authors have made a careful and useful revision in response to the conceptual issues raised 

by Reviewer #2. Reframing the retinal age gap (RAG) as a deviation from a reference population’s 

retinal ageing trajectory, rather than as a direct or absolute measure of biological age, is an 

important and appropriate correction. I agree that the residual-age framework is not conceptually 

invalid. Chronological age is an imperfect but practical supervisory signal, provided that the 

resulting residual is interpreted strictly as an age-orthogonal retinal imaging phenotype. 

The additional analyses and clarifications substantially strengthen the manuscript. These include 

the clarification of age-bias correction, likelihood-ratio tests, C-index comparisons, leave-one-out 

contribution analyses, and stratification of female participants by menopausal status and age. 

These additions address several of the key concerns raised by Reviewer #2, particularly whether 

RAG simply recapitulates chronological age and whether the sex-specific findings have a 

plausible biological interpretation. 

Response:

We thank the Reviewer for this assessment and are happy that we were successful in 

addressing previous concerns adequately. 

However, the conceptual framing still remains too strong in several places and should be further 

qualified. 

1. Clinical utility and effect sizes 
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The data support RAG as a promising candidate retinal imaging biomarker associated with 

ageing-related clinical traits. They do not establish RAG as a clinically useful risk prediction tool 

or as ready for personalized risk assessment. The improvements in model discrimination, 

including C-index changes, appear limited for several outcomes, and the effect sizes are generally 

modest. The manuscript should therefore soften statements that imply established clinical utility. 

Response:

We thank the Reviewer for these pertinent comments with which we fully agree. We have 

revised the manuscript to further qualify the interpretation of RAG as a retinal imaging-derived 

aging-associated phenotype and removed statements suggesting direct clinical utility for risk 

prediction.

(Abstract):

“Our study positions the retinal age gap as a biologically relevant and sex-specific 

phenotype associated with multiple aging-related diseases and outcomes beyond 

conventional risk factors, including chronological age.” 

(Discussion): 

“Overall, our study demonstrates that RAG represents a non-invasive retinal imaging-

derived aging-associated phenotype linked to ocular, cardiovascular, metabolic, 

inflammatory, and cognitive dimensions of aging. Our findings highlight the potential of 

retinal imaging as an accessible tool for capturing systemic aging signals. Importantly, RAG 

is constructed to be orthogonal to chronological age, thereby capturing variation in retinal 

appearance beyond that explained by age and providing complementary information to 

conventional clinical risk factors. ” 

2. Biological specificity and the OCA2 signal 

The biological specificity of the RAG signal warrants a more critical discussion. The prominent 

GWAS signal involving OCA2 is particularly noteworthy, given its role in ocular pigmentation. 

Together with the latent-variable correlations with RGB and intensity-related features, this raises 

a plausible concern that part of the model-derived retinal age signal may reflect fundus 

pigmentation, color distribution, image brightness, or acquisition-related characteristics, rather 

than ageing biology alone. This does not invalidate the findings, but it is directly relevant to the 

construct validity and generalizability of RAG. The Limitations section should clearly state that 

genetic loci associated with RAG cannot be assumed to reflect ageing-related pathways alone. 

Response:

We thank the Reviewer for this important point. We have revised the manuscript to more 

explicitly acknowledge that part of the retinal age signal may reflect non-aging-related image 

characteristics, including pigmentation- and intensity-related properties, and clarified that 

genetic loci associated with RAG should not be interpreted exclusively as reflecting aging-

related biological pathways. 



(Discussion): 

“Like previous retinal age studies [17–19], we also identified OCA2, a gene involved in eye 

pigmentation, suggesting that image features that are unlikely to be age-relevant (e.g. 

fundus pigmentation, color distribution, or image brightness) may influence the model 

prediction.” 

(Discussion/Limitations): 

“Part of the retinal age signal may reflect non-aging-related image characteristics, as 

suggested by associations with OCA2 and intensity-related image features, and therefore 

genetic loci associated with RAG should not be interpreted exclusively as reflecting aging-

related biological pathways.” 

3. Distinguishing the age-prediction model from the residual RAG phenotype 

The manuscript should more clearly distinguish the age-prediction model from the residual RAG 

phenotype. The saliency and attention analyses suggest that the age-prediction model attends to 

the macula, optic disc, and vascular regions, among other features. In contrast, the updated 

feature-correlation analyses suggest that the residual RAG phenotype is only weakly explained 

by the predefined vascular and color features examined. These findings are not contradictory, 

because they refer to different levels of analysis. However, the text should avoid implying that 

RAG is independent of vascular ageing in general. A more cautious interpretation would be that 

RAG is not strongly explained by the explicit vascular and color features examined here, while 

more complex, nonlinear, or spatially localized vascular contributions may remain. 

Response:

We thank the Reviewer for this important clarification. We have revised the manuscript to 

more clearly distinguish findings related to the age-prediction model from those related to the 

residual RAG phenotype, which are now discussed in separate paragraphs. We also clarified 

that the weak correlations between RAG and the predefined vascular and color features 

examined here do not imply independence from vascular aging more broadly, as more 

complex or spatially localized vascular patterns may still contribute to the residual signal. 

(Results): 

“By contrast, correlations between these features and RAG were weak (rightmost column 

of Fig. 6), indicating that the residual retinal age signal captured by RAG is not directly 

explained by the explicit vascular and color features examined here. This does not exclude 

the possibility that more complex, nonlinear, or spatially localized vascular patterns 

contribute to RAG but are not adequately captured by the predefined features analyzed in 

this study.”

4. Nuance in the sex-specific interpretation 

https://paperpile.com/c/AW7wvC/A8Yq+pd20+lRPV


The sex-specific narrative also needs refinement. Stating simply that male retinas appear younger 

may obscure the pattern shown in the revised analyses, where the observed difference appears 

to be driven at least partly by higher RAG in older or postmenopausal females, with males lying 

between younger and older female strata. The authors should frame this as a life-stage-

dependent pattern rather than a simple binary male-versus-female difference. If the authors wish 

to maintain a strong sex-difference interpretation, stratifying males by the same age threshold or 

formally testing sex-by-age-group interactions would be helpful. 

Response:

We agree that our initial formulation suggesting that male retinas appeared younger than 

female retinas was overly simplistic. This wording remained from earlier analyses performed 

prior to Reviewer #1’s suggestion to stratify females by menopausal status. The additional 

stratified analyses substantially refined our interpretation of the sex-specific findings by 

showing that the observed pattern was driven largely by higher RAG in older or 

postmenopausal females. We therefore removed statements implying a simple binary sex 

difference and revised the manuscript to emphasize the life-stage-dependent nature of these 

patterns. 

(Abstract): 

“Sex-stratified models revealed consistent performance but divergent biological signatures: 

males had stronger links to metabolic syndrome, while in females, both model attention and 

genetics pointed to a greater involvement of retinal vasculature. Additional analyses 

indicated that retinal aging patterns in females vary across the menopausal transition, with 

postmenopausal females exhibiting higher retinal age gap values and clinical associations 

that more closely resemble those observed in males.” 

(Discussion): 

“We initially observed a modest but consistent difference in predicted retinal age between 

sexes across cohorts, with male retinas estimated as appearing younger on average, even 

after adjusting for potential body size confounding. However, the stratified analyses 

suggested a more nuanced, life-stage-dependent pattern. Specifically, RAG was lower in 

younger or premenopausal females but higher in older or postmenopausal females, placing 

males between these two groups. This pattern parallels epidemiological observations in 

which females experience lower cardiometabolic risk prior to menopause, followed by a 

marked increase afterward, including a rise in CVD incidence [20].” 

5. Methodological transparency relevant to interpretation 

Several methodological points should be clarified because they affect how the residual phenotype 

should be interpreted. The manuscript should explicitly state which RAG measure was used for 

each downstream analysis, for example whether it was based on a single eye, both-eye average, 

or all available images at the first imaging instance. It should also clarify whether combined-

sample and sex-stratified analyses used RAG derived from the combined model or from sex-

https://paperpile.com/c/AW7wvC/swxV


specific models. Finally, the description of covariate adjustment, including height and height 

squared, should be made consistent across cross-sectional and survival analyses. 

Response:

We are grateful to the Reviewer for identifying missing methodological details in our Methods 

section. We have now clarified these aspects in the revised manuscript. 

1) RAG measure used in downstream analyses 

We first predicted chronological age for each retinal image passing quality control (out-of-

sample image-level prediction). We then averaged predictions across both eyes for each 

participant at a given imaging visit when both were available, and otherwise we used the single 

available eye prediction (subject-level prediction). We subsequently applied regression-to-

the-mean bias correction to these eye-averaged subject-level predictions. Finally, we defined 

the retinal age gap (RAG) as the difference between this bias-corrected predicted age and 

chronological age, and used this corrected subject-level RAG measure in all downstream 

analyses. 

(Methods): 

“For each participant at a given imaging visit, we averaged predicted ages across both eyes 

when available; otherwise we used the prediction from the single available eye.” (...) “To 

correct for regression-to-the-mean bias in predicted age, we applied a post hoc adjustment 

to the eye-averaged predicted ages following the procedure described by Cole et al. [21].” 

(...) “We then defined the retinal age gap (RAG) as the difference between the corrected 

predicted age and the participant’s chronological age. All subsequent analyses were 

performed using this corrected RAG measure.” 

2) Combined vs sex-specific models 

We have now clarified throughout the manuscript that combined-sample analyses were 

performed using RAG derived from the combined model, whereas sex-stratified analyses and 

sex-specific GWAS used RAG derived from the corresponding sex-specific models. 

(Methods, “Retinal age gap”): 

“To assess sex differences, we compared mean RAG values derived from the combined-

sample model between females and males using independent-sample t-tests and quantified 

the effect size with Cohen’s d.” 

(Methods, “Association with health and lifestyle factors”): 

“Additionally, using RAG derived from the sex-specific models, we conducted sex-stratified 

analyses to explore differential associations, adjusting for the same covariates as in the 

combined-sample analyses except sex.” 

(Methods, “Survival analysis”): 

“We conducted analyses in the full sample using RAG derived from the combined model, 

and sex-stratified analyses using RAG derived from the corresponding sex-specific models.” 

https://paperpile.com/c/AW7wvC/DYhi


(Methods, “Genome-wide association study”): 

“For sex-specific GWAS analyses, we used RAG derived from the corresponding sex-

specific models and applied the same covariates excluding sex. ” 

3) Covariate adjustment in cross-sectional and survival analyses 

We thank the Reviewer for highlighting this difference in covariate specification. Cross-

sectional analyses included squared terms for age and height (as well as genetic principal 

components alongside self-reported ethnicity), to allow more flexible adjustment for potential 

nonlinear and ancestry-related effects. In the survival analyses, we used a more parsimonious 

adjustment set because these models additionally included several established clinical risk 

factors and previous disease history variables, while some outcomes had relatively limited 

event counts, particularly in sex-stratified analyses. To ensure a sufficient number of events 

per variable, we therefore included only the corresponding linear covariates in the Cox models 

(i.e. dropping age-squared, height-squared, and the 10 first genetic PCs), particularly given 

the high correlation between the squared and linear terms. We clarified this in the Methods 

section. 

(Methods, “Survival analysis”): 

“We adjusted models for age, sex (combined analyses only), height, ethnicity, education, 

income, Townsend, SBP, HDL, total cholesterol, smoking status, BMI, diabetes, BP 

medication, and previous events from the same category (for CVDs and cancer only). Thus, 

compared with the cross-sectional analyses, the Cox models additionally included 

established clinical risk factors and prior disease history to assess the predictive value of 

RAG beyond conventional risk factors. Because several outcomes, particularly in sex-

stratified analyses, had relatively limited numbers of incident events, we used a more 

parsimonious covariate specification in the Cox models to limit model complexity and 

potential overfitting [22], and therefore did not include squared terms for age and height or 

genetic PCs.” 

In summary, this is a solid exploratory study of a retinal imaging biomarker. The authors have 

substantially addressed Reviewer #2’s conceptual concerns, but the manuscript should more 

clearly frame RAG as a candidate age-orthogonal retinal imaging phenotype, not as a direct 

measure of biological ageing or an established clinically useful risk prediction tool. With this more 

cautious framing, the conceptual basis of the study would be sound and appropriately scoped. 

Response: 

We thank the Reviewer for this thoughtful assessment and constructive feedback. In 

response, we have further refined the conceptual framing of RAG, qualified its biological 

interpretation, and tempered statements regarding its clinical utility. We hope that these 

revisions adequately address the Reviewer’s concerns. 
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We would like to sincerely thank all three Reviewers for their time, expertise, and thoughtful 

evaluation of our manuscript throughout the review process. We are particularly grateful for the 

constructive feedback, which has greatly improved the rigor, clarity, and interpretation of our 

work.  

We have addressed all remaining points raised by Reviewer #3, as detailed below. 

1. Please further soften the wording around biological ageing and clinical utility in the 

Introduction and conclusion. The Abstract and much of the Discussion now read appropriately, 

but the Introduction still contains phrases such as "promising marker of biological aging" and 

"risk stratification in both clinical and population-level health settings,” and the stated aim still 

refers to “assess their clinical utility." Given the modest effect sizes and the limited 

improvements in discrimination, more cautious wording would be preferable—for example, 

"candidate retinal imaging-derived aging-associated phenotype" and "potential relevance for 

future risk stratification research." 

Response: We thank the Reviewer for identifying these remaining statements, which had 

escaped our attention. We have revised the Introduction to further soften the wording 

regarding biological ageing and clinical utility, following the Reviewer's suggestions. 

(Introduction): 

Importantly, the difference between predicted age and true age, known as retinal age gap 

(RAG), has emerged as a promising phenotype for studying aging-related variation 

beyond chronological age.

(...) 

Unlike many established aging biomarkers that require more invasive procedures or costly 

laboratory assays, retinal age can be estimated cheaply and non-invasively from fundus 

photographs. This makes retinal imaging a highly accessible and scalable modality for 

investigating aging-related variation and its potential relevance for future risk stratification 

research. 

(...) 

Through these analyses, we aim to better characterize the retinal age gap phenotype, 

evaluate its associations with aging-related traits and outcomes, and investigate how 

these associations differ between females and males. 

2. I would suggest softening the use of "predicts" in the survival-analysis section. The 

prospective associations are important, but the results do not establish RAG as a clinically 

useful prediction tool. The heading "Retinal age gap predicts mortality and incident disease" 

might be changed to "Retinal age gap is prospectively associated with mortality and incident 

disease," which would better align with the cautious framing adopted elsewhere. 

Response: We have revised the section heading according to the Reviewer’s suggestion to 

better reflect the observational nature of the analyses. 



(Results header): 

Retinal age gap is prospectively associated with mortality and incident disease with sex-

specific patterns

3. Please check the notation and algebraic specification of the age-bias correction formula. In 

Methods, p.15, lines 536–537, predicted age is said to be regressed on chronological age to 

estimate the slope and intercept, but both quantities appear to be denoted by the same symbol. 

The subsequent statement that predicted age was adjusted by "subtracting and dividing by" is 

consequently ambiguous. Please state the fitted linear model and the correction formula 

explicitly. 

Response: We thank the Reviewer for pointing out this ambiguity. We have revised the 

Methods to explicitly state the fitted linear model used to estimate the age-bias correction 

parameters, the corresponding correction formula, and the final retinal age gap (RAG) 

formula, thereby clarifying the notation.

(Methods): 

Specifically, we fit a linear regression: 

Ŷ = 𝛼𝑌 + 𝛽 + 𝜀 (1)

where Ŷ is predicted age and Y chronological age, then corrected the predicted age as 

follows: 

Ŷ𝑐𝑜𝑟𝑟 =
Ŷ − 𝛽

𝛼
(2)

We then defined the retinal age gap (RAG) as: 

𝑅𝐴𝐺 = Ŷ𝑐𝑜𝑟𝑟 − 𝑌 (3)

All subsequent analyses were performed using this corrected RAG measure. 

4. Please temper the final statement on precision medicine. The sex-stratified and menopause-

stratified analyses are valuable, but the current data do not establish direct clinical 

implementation. "Advancing their application in precision medicine" could be softened to 

something like "informing future biomarker development" or "guiding future studies of sex-

specific ageing biomarkers." 

Response: We thank the Reviewer for this suggestion. We have revised the final sentence 

of the Discussion to avoid implying direct clinical implementation and to more appropriately 

frame the implications of our findings for future research. 

(Discussion): 



Incorporating sex-specific perspectives will therefore be essential for refining aging 

biomarkers and guiding future studies of sex-specific aging processes.
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