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Abstract

Objective Diabetes and hypertension pose significant health risks, especially when poorly managed. Retinal evaluation
though fundus photography can provide non-invasive assessment of these diseases, yet prior studies focused on disease pres-
ence, overlooking control statuses. This study evaluated vision transformer (ViT)-based models for assessing the presence
and control statuses of diabetes and hypertension from retinal images.

Methods ViT-based models with ResNet-50 for patch projection were trained on images from the UK Biobank (n=113,713)
and Singapore Epidemiology of Eye Diseases study (n=17,783), and externally validated on the Singapore Prospective Study
Programme (n=7,793) and the Beijing Eye Study (n=6064). Model performance was evaluated using the area under the
receiver operating characteristic curve (AUROC) for multiple tasks: detecting disease, identifying poorly controlled and well-
controlled cases, distinguishing between poorly and well-controlled cases, and detecting pre-diabetes or pre-hypertension.
Results The models demonstrated strong performance in detecting disease presence, with AUROC values of 0.820 for dia-
betes and 0.781 for hypertension in internal testing. External validation showed AUROCS ranging from 0.635 to 0.755 for
diabetes, and 0.727 to 0.832 for hypertension. For identifying poorly controlled cases, the performance remained high with
AUROC:s of 0.871 (internal) and 0.655-0.851 (external) for diabetes, and 0.853 (internal) and 0.792-0.915 (external) for
hypertension. Detection of well-controlled cases also yielded promising results for diabetes (0.802 [internal]; 0.675-0.838
[external]), and hypertension (0.740 [internal] and 0.675-0.807 [external]). In distinguishing between poorly and well-
controlled disease, AUROCs were more modest with 0.630 (internal) and 0.512-0.547 (external) for diabetes, and 0.651
(internal) and 0.639-0.683 (external) for hypertension. For pre-disease detection, the models achieved AUROCS of 0.746
(internal) and 0.523-0.590 (external) for pre-diabetes, and 0.669 (internal) and 0.645-0.679 (external) for pre-hypertension.
Conclusion ViT-based models show promise in classifying the presence and control statuses of diabetes and hypertension
from retinal images. These findings support the potential of retinal imaging as a tool in primary care for opportunistic detec-
tion of diabetes and hypertension, risk stratification, and individualised treatment planning. Further validation in diverse
clinical settings is warranted to confirm practical utility.

Keywords Predictive Preventive Personalized Medicine (PPPM / 3PM) - Diabetes - Hypertension - Risk stratification -

Retinal image - Innovative screening programs - Deep learning - Health risk assessment - Preventable diseases - Protection
against health-to-disease transition - Opportunistic screening - Improved individual outcomes

Introduction

Krithi Pushpanathan and Yang Bai contributed equally as first Diabetes and arterial hypertension affect 529 million and

authors.

1.2 billion people worldwide, respectively, and serve as key
Yong Liu, Ching-Yu Cheng and Yih-Chung Tham contributed modifiable risk factors for cardiovascular disease, the lead-
equally as last authors. ing cause of death [1, 2]. Despite their prevalence, nearly

. ) . i half of those affected remain undiagnosed, often due to the
Extended author information available on the last page of the article
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asymptomatic early stages, leading to delayed intervention
and heightened health risks [3-5]. Even among diagnosed
individuals receiving treatment, suboptimal disease control
is pervasive, exacerbating morbidity and healthcare burdens
[2, 6].

Addressing these challenges requires a shift from reactive
disease management to a predictive, preventive, and person-
alised medicine (3PM) paradigm [7—-10], where early identifi-
cation and targeted interventions mitigate disease progression
and optimise patient outcomes [11, 12]. The predictive com-
ponent of 3PM necessitates early risk stratification, ensuring
timely identification of undiagnosed, poorly controlled cases,
as well as individuals with pre-diabetes and pre-hypertension,
before complications arise. The preventive aspect focuses on
implementing proactive interventions, reducing the likeli-
hood of progression of diabetes and hypertension. The per-
sonalised element involves tailoring management strategies
to individual patient profiles, accounting for factors such as
comorbidities, genetic predisposition, and lifestyle influ-
ences [13, 14]. Effective implementation of 3PM in diabetes
and hypertension requires systematic risk stratification tools
capable of identifying high-priority cases and optimising
resource allocation to improve patient outcomes.

Deep learning techniques applied to retinal photographs
offer a promising solution for achieving these objectives
[15]. Retinal imaging, which captures changes in the micro-
vascular system, can reveal systemic alterations [16—19] that
provide valuable insights into both conditions [17, 20-26].
With increasing integration of retinal imaging into primary
care for routine diabetic retinopathy (DR) screening, this
non-invasive method could be leveraged to opportunistically
assess the presence and control of diabetes and hypertension
in a broader patient population.

Working hypothesis and study aims
in the framework of 3PM

Current deep learning models applied to retinal imaging
have primarily focused on detecting diabetes and hyperten-
sion, but overlook the critical need for disease control strati-
fication in 3PM. While conventional convolutional neural
networks (CNNs), such as visual geometry group (VGG)
network [17, 24], residual network (ResNet) [20, 21], and
inception architectures [22, 25], have proven effective for
binary classification tasks, they have not been developed to
identify well-controlled and poorly controlled statuses. This
gap limits their utility in 3PM, where disease control stratifi-
cation is essential for targeted referrals, optimised resource
allocation, and proactive disease management. Moreover,
emerging transformer-based architectures, particularly
vision transformers (ViT), offer enhanced capabilities in
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extracting subtle imaging features, potentially improv-
ing predictive accuracy and clinical applicability [27, 28].
However, their use in this domain remains limited; the only
transformer-based study focused on hypertension detection
without considering control statuses or conducting external
validation, restricting clinical relevance [26].

Here, we hypothesise that ViT-based models can effec-
tively detect diabetes and hypertension and stratify their
control statuses using retinal photographs. By identifying
undiagnosed individuals, those with poorly controlled condi-
tions, and those at risk of progression from pre-diabetes or
pre-hypertension, our models can function as assistive tools
in clinical decision-making, facilitating timely referrals and
personalised management strategies to optimise diabetes and
hypertension control and prevent complications. Addition-
ally, we hypothesise that these models can estimate continu-
ous clinical measurements, such as glycated haemoglobin
serum concentrations (HbA1c) and blood pressure levels,
offering insights into disease control and treatment response
[29, 30]. To test these hypotheses, we developed and exter-
nally validated these ViT-based models using datasets from
large, ethnically diverse cohorts. Our findings assess the
generalisability of these models across different clinical
contexts and evaluate their potential to enhance predictive
accuracy and support clinical decision-making within the
3PM framework.

Methods
Study design and population

The development and internal validation of our model
were conducted using retinal images from the UK
Biobank [31] (UKBB, 113,713 images) and the Singapore
Epidemiology of Eye Diseases study [32] (SEED, 17,783
images) datasets (Table 1). These datasets were com-
bined and then randomly allocated into training (70%),
validation (15%), and internal test (15%) sets using an
individual-specific split such that images for both eyes
of an individual were not separated into different subsets.
Additionally, external validation was performed on two
independent datasets: the Singapore Prospective Study
Programme [33] (SP2, 7793 images) and the Beijing Eye
Study [34] (BES, 6064 images).

All participants provided written informed consent, and
all study protocols complied with the principles of the Dec-
laration of Helsinki. Each study received approval from
their respective local ethical committees, and we obtained
permission from the principal investigator of each study to
use the data.
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Table 1 Characteristics of development and validation datasets

Characteristic

Development and validation sets

External validation sets

Singapore Epidemiology of UK Biobank (UKBB)

Singapore Prospective

Beijing Eye Study (BES)

Eye Diseases (SEED) Study Program (SP2)
Country of origin Singapore UK Singapore China
Camera model Canon CR-DGi with 10D Topcon 3D OCT1000 Canon CR-DGi with 10D Canon CR6-45 NM
SLR back Mark 11 SLR back
Camera field of view 45° 45° 45° 45°
Image resolution, pixel Chinese: 3504%2336 3216%2136 900*600 3888+%2592
Malay: 3072%2048
Indian: 3888%*2592
Total individuals, n 9413 61,598 3999 3146
Total images (n) 17,783 113,713 7793 6064
Age, year, mean (sd) 58.2 (10.1) 56.5 (8.2) 49.8 (11.5) 64.2 (9.6)
Gender, n (%)
Male 4648 (49.4) 27,785 (45.1) 1925 (48.1) 1375 (43.7)
Female 4765 (50.6) 33,790 (54.9) 2074 (51.9) 1771 (56.3)

Race (n (%))

Systolic blood pressure,
mmHg, mean (sd)

Diastolic blood pressure,
mmHg, mean (sd)

HbAlc, %, mean (sd)

Fasting plasma glucose,
mmol/L, mean (sd)

Random plasma glucose,
mmol/L, mean (sd)

Chinese: 3245 (34.5)
Malay: 3090 (32.8)
Indian: 3078 (32.7)

139.3 (21.5)
78.4 (10.6)

6.2 (0.8)
NA

6.7(34)

Hypertension classification, n (%)

Yes
Pre-hypertension
Healthy

5895 (62.8)
2204 (23.5)
1290 (13.7)

Hypertension control status*, n (%)

Poorly controlled
Well-controlled

Diabetes classification, n (%)

Yes
Pre-diabetes
Healthy

1824 (30.9)
1329 (22.5)

2707 (28.8)
3850 (41.0)
2855 (30.3)

Diabetes control status*, n (%)

Poorly controlled
Well-controlled

980 (36.2)
573 (21.2)

White: 55,917 (90.8)
Black: 1768 (2.9)
Asian: 2024 (3.3)
Others: 1448 (2.4)

139.7 (19.6)
82.0 (10.7)

5.5(0.7)
NA

NA

34,073 (56.0)
19,125 (31.4)
7670 (12.6)

8497 (24.9)
3741 (11.0)

3318 (5.4)
7718 (12.5)
50,562 (82.1)

997 (30.0)
1036 (31.2)

Chinese: 2363 (59.1)
Malay: 862 (21.6)
Indian: 771 (19.3)
Others: 3 (0.1)

132.2 (20.7)
78.0 (10.7)

5.6 (0.3)
5.2(1.6)

NA

1639 (41.4)
1195 (30.2)
1121 (28.3)

456 (27.82)
208 (12.7)

678 (17.0)
1165 (29.1)
2156 (53.9)

172 (25.4)
52(7.7)

Chinese: 3003 (95.5)
Others: 77 (2.4)

130.7 (20.7)

70.2 (12.7)

4.6(1.5)
5.7 (1.5)

NA

1855 (60.0)
568 (18.3)
674 (21.8)

503 (27.1)
797 (43.0)

491 (27.7)
323 (18.2)
957 (54.0)

35(7.1)
203 (41.3)

Footnote: *The percentages of poorly or well-controlled diabetes or hypertension are based on individuals with a positive diagnosis who are
receiving treatment. As not all diagnosed individuals receive treatment, the total in control categories may not match the overall number of diag-

nosed cases

Image pre-processing

Images from diverse devices and conditions often suffer from
poor quality due to factors such as motion blur, incorrect
camera settings (e.g. wrong exposure time, fixation setting),

and variable illumination [35, 36]. Assessing image quality
is crucial for effective model training. To address this, we

employed an in-house deep learning algorithm to filter out
poor-quality images across all datasets. Additionally, pre-
processing included steps such as resizing, normalisation,
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and data augmentation to optimise the images for model
training (Supplementary Material 1). A single macula-cen-
tred retinal photograph per eye was used; if multiple images
were available, the algorithm identified the highest-quality
image for inclusion.

Definition of diabetes, hypertension, and their
control statuses

We defined diabetes, hypertension, and their control statuses
according to guidelines from the American Diabetes Asso-
ciation and the American Heart Association, respectively
[37, 38] (Supplementary Table 1).

Pre-diabetes was defined as fasting plasma glucose
levels ranging from 5.6 to <7.0 mmol/L or HbAlc levels
between 5.7 and < 6.5%, without self-reported history and
treatment. Diabetes was indicated by fasting plasma glu-
cose > 7.0 mmol/L, casual plasma glucose > 11.1 mmol/L,
HbAlc > 6.5%, self-reported history of diabetes, use of dia-
betic medication, or a previous physician diagnosis of dia-
betes. Diabetic patients who received treatment were further
categorised as well-controlled, if the HbAlc was <7%, or
poorly controlled if HbAlc was >7%. Individuals who did
not minimally meet the criteria for pre-diabetes were classi-
fied as healthy individuals (Fig. 1).

Pre-hypertension was defined as systolic blood pres-
sure (SBP) ranging from 120 to < 140 mmHg, or diastolic
blood pressure (DBP) between 80 and < 90 mmHg, without

self-reported history and treatment. Hypertension was indi-
cated by SBP > 140 mmHg, DBP >90 mmHg, self-reported
history of hypertension, or use of anti-hypertensive medi-
cation. Hypertensive patients who received treatment were
further categorised as well-controlled if both, the SBP was
<140 mmHg and the DBP was <90 mmHg, or as poorly
controlled if either the SBP was > 140 mmHg and/or the
DBP was >90 mmHg. Individuals who did not minimally
meet the criteria for pre-hypertension were classified as
healthy individuals (Fig. 1).

Development of the deep learning models

The classification and stratification of diabetes and hyper-
tension control statuses were performed using ViT-based
models applied to pre-processed macula-centred retinal
images and their corresponding clinical labels. Our meth-
odology closely adheres to the standard ViT base architec-
ture [39], with a key modification involving the substitution
of the linear patch projection layer with a ResNet-50-based
feature projection. This hybrid architecture combines the
strengths of both ViT, which excels at capturing long-range
patterns and global image features, and ResNet, which is
adept at extracting intricate local features. This integration
is designed to potentially enhance the models’ predictive
accuracy [40].

Four classification models were designed, each generating
probabilities for a distinct outcome: (1) presence of diabetes,

Input Approach Output
Macula-Centred Retinal Images Development of ViT*-Based Models Classification and Regression Tasks

Total data across 4 cohorts:
78,156 participants; 145,353 images

l
{ «

Pre-processing

T

Remove
ungradable
images

Patches of retinal images

ResNet-50 Architecture

| Patch and position

embedding

1. Classification of diabetes and hypertension outcomes
using two models per disease:

Study Population

Disease Absence
(Non-Diseased)

Disease Presence

—— ———
Well- Poorly
Controlled Controlled

Analyses focused on disease detection and stratification:

« Disease Presence (15t Model)

Poorly controlled vs. Non-Diseased (15t Model)
Well-controlled vs. Non-Diseased (15t Model)

Poorly controlled vs. Well-Controlled (15t Model)
Pre-diabetes or Pre-hypertension vs. Healthy (2@ Model)

e e e e

Left eye

_ [Norm —MHAt— + —’NOTIT\'." = 1 2. Regression analysis to estimate clinical parameters

Transformer encoder

e
L]
MLP head

L] + Glycated haemoglobin serum
% ® concentration (HbA1c, %)
+ Systolic blood pressure (SBP, mmHg)
+ Diastolic blood pressure (DBP, mmHg)

Fig. 1 Schematic of the development and evaluation of vision transformer-based models. ViT*, vision transformer; MHAT, multi head attention;

MLP¥, multi-layer perceptron
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(2) presence of pre-diabetes, (3) presence of hypertension,
and (4) presence of pre-hypertension (Fig. 1 and Supplemen-
tary Tables 2 and 3). The same models used to detect disease
presence (models 1 and 3) were also applied to categorise
individuals into poorly controlled and well-controlled states,
without additional fine-tuning. In these models, the absence
of disease includes both pre-diabetic/pre-hypertensive and
healthy individuals.

The analysis focused on detecting (1) disease presence,
(2) poorly controlled cases (compared to non-diseased
individuals), (3) well-controlled cases (compared to non-
diseased individuals), (4) differentiating between poorly
controlled and well-controlled cases, and (5) identifying
pre-diabetes or pre-hypertension (distinguished from healthy
individuals). These analyses were conducted separately for
diabetes and hypertension across the entire population.
Additionally, a sub-analysis was performed to evaluate the
same five hypertension outcomes within the subset of indi-
viduals with diabetes.

In addition to the classification models, regression models
were trained on the retinal images to predict the relevant
continuous biomarker values, including HbAlc levels (%),
SBP (mmHg), and DBP (mmHg).

Data bootstrapping was applied to improve model perfor-
mance and address class imbalance by increasing the num-
ber of positive samples through resampling, bringing their
representation to 150% of the original count. This potentially
improved on the model’s ability to learn relevant features
and improved its reliability in detecting and classifying dis-
ease states.

Saliency maps

Saliency maps were generated using the Grad-CAM method
[41] to highlight the most influential regions within retinal
images, aiding in the understanding of features crucial for
predictive accuracy regarding diabetes and hypertension
control statuses by our model. In these heatmaps, warmer
hues such as red and orange indicate regions with higher
activation, contributing more significantly to the model’s
output. Conversely, cooler hues such as blue and green
signify areas of inactivity, suggesting less influence on the
model’s decision-making process.

Evaluation and statistical analysis

We assessed the ViT-based models’ performance in class
discrimination using area under the receiving operator curve
(AUROQ), sensitivity and specificity at the optimal thresh-
old derived from the Youden index, and maximum F1 score.
Results were evaluated at the participant level by averag-
ing scores from both eyes. To gauge metric uncertainty, we
employed bootstrapping with 2000 iterations, deriving a

95% confidence interval (CI) from the resulting distribution
of AUROC values.

For the regression models targeting continuous outcomes,
performance evaluation included root mean square error
(RMSE), mean absolute error (MAE), standard deviation
(SD), and coefficient of determination (R?). Bland—Altman
plots were generated to assess the agreement between pre-
dicted and observed values. To further investigate potential
errors, a Student’s #-test was conducted to assess systematic
bias, identifying any consistent deviations, while a regres-
sion analysis of residuals was performed to test for propor-
tional bias, indicating any scaling errors.

Statistical analyses and performance metrics were com-
puted using R (Version 4.3.1, R Foundation, Vienna, Aus-
tria). Statistical significance was considered at p < 0.05 for
all tests.

Results

The ViT-based models were developed, validated, and exter-
nally tested using 145,353 macula-centred retinal images
(78,156 individuals) from four diverse Asian and European
cohorts (SEED, UKBB, SP2, and BES) (Table 1). No sig-
nificant differences were found in the demographic and clini-
cal characteristics between the training and internal testing
populations, ensuring balanced representation and minimis-
ing potential biases (Supplementary Fig. 1).

Model performance in detecting diabetes
and control status

Table 2 and Fig. 2 summarise the performance of ViT-based
models across diabetes detection and classifying control
status.

The model achieved an internal AUROC of 0.820 (95%
CI 0.805-0.835) detecting diabetes presence, with external
AUROC:s of 0.755 (95% CI1 0.735-0.775) in SP2 and 0.635
(95% CI 0.605-0.665) in BES (Fig. 2a). For predicting
HbAIc levels, however, the regression model demonstrated
limited accuracy, with internal R? of 0.264 and external
R? values of 0.067 (BES) and 0.168 (SP2) (Supplemen-
tary Table 4). The internal dataset exhibited lower RMSE
(0.656), MAE (0.386), and SD (0.656) compared to external
test sets, where RMSE values were 1.042 (SP2) and 2.008
(BES), MAE values were 0.670 (SP2) and 1.856 (BES), and
SD values were 1.029 (SP2) and 1.142 (BES). Bias analysis
revealed significant systematic and proportional bias (p <
0.001), corroborated by Bland—Altman plots, exhibiting a
diagonal upward trend, indicating scaling errors with larger
discrepancies at higher predicted values (Supplementary
Fig. 2).

@ Springer



524

EPMA Journal (2025) 16:519-533

Table 2 Performance metrics of custom vision transformers in classifying diabetes outcomes

Test set No. of images AUROC 95% CI Sensitivity at optimal ~ Specificity at optimal ~ SE when Max F1 score
threshold threshold SP=0.8
Presence of diabetes
SEED + UKBB (internal)  1642:18,105  0.820 0.805-0.835  0.729 0.760 0.678 0.420
SP2 (external) 1301:6492 0.755 0.735-0.775  0.773 0.602 0.546 0.444
BES (external) 943:2472 0.635 0.605-0.665  0.501 0.716 0.375 0.463
Poorly controlled diabetes (compared to non-diseased individuals)
SEED + UKBB (internal)  535:18,105 0.871 0.850-0.891  0.707 0.862 0.753 0.401
SP2 (external) 326:6492 0.851 0.819-0.878  0.698 0.844 0.715 0.388
BES (external) 67:2472 0.655 0.541-0.761  0.514 0.799 0.486 0.255
Well-controlled diabetes (compared to non-diseased individuals)
SEED + UKBB (internal)  432:18,105 0.802 0.775-0.830  0.678 0.779 0.640 0.217
SP2 (external) 95:6492 0.838 0.780-0.890  0.904 0.647 0.712 0.173
BES (external) 390:2472 0.675 0.635-0.714  0.591 0.691 0.394 0.332
Poorly controlled diabetes vs. well-controlled diabetes
SEED + UKBB (internal)  535:432 0.630 0.584-0.676  0.570 0.657 0.400 0.714
SP2 (external) 326:95 0.547 0.458-0.632  0.221 0.923 0.326 0.871
BES (external) 67:390 0.512 0.392-0.624  0.200 0.926 0.257 0.265
Pre-diabetes (compared to healthy individuals)
SEED + UKBB (internal)  3220:14,904  0.746 0.733-0.759  0.685 0.669 0.548 0.459
SP2 (external) 2256:4236 0.590 0.569-0.611  0.599 0.548 0.333 0.520
BES (external 628:1844 0.523 0.488-0.557  0.204 0.854 0.241 0.406

Footnote: Sensitivity and specificity at the optimal threshold were determined using the Youden index. SE sensitivity, SP specificity

Test Set: — SEED + UKBB (Internal) — SP2 (Extemal) — BES (External)

Reference: ~” Random Classifier (AUC = 0.5)
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Fig.2 Receiver operating curves demonstrating the classification
performance of vision transformer-based models from retinal fundus
images across various diabetes outcomes. a Presence of diabetes, b
poorly controlled diabetes (compared to non-diseased individuals), ¢

The AUROC values for detecting poorly controlled dia-
betes (compared to non-diabetic individuals) were 0.871
(0.850-0.891) internally, 0.851 (0.819-0.878) for SP2,
and 0.655 (0.541-0.761) for BES (Fig. 2b). Sensitivity at
a specificity threshold of 0.8 was also highest for this clas-
sification, with values of 0.753 internally and 0.715 (SP2)
and 0.486 (BES) externally.

For detecting well-controlled diabetes (compared
to non-diabetic individuals), the internal AUROC was
0.802 (0.775-0.830), with external AUROCs of 0.838
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(0.780-0.890, SP2) and 0.675 (0.635-0.714, BES)
(Fig. 2¢).

Within the diabetic cohort, model performance for dif-
ferentiating poorly controlled from well-controlled diabe-
tes achieved an internal AUROC of 0.630 (0.584-0.676),
with external AUROCSs of 0.547 (0.458-0.632, SP2) and
0.512 (0.392-0.624, BES) (Fig. 2d). Sensitivity at a speci-
ficity threshold of 0.8 was lowest for this class, with val-
ues of 0.400 internally and 0.326 (SP2) and 0.257 (BES)
externally (Table 2).
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For detecting pre-diabetes (compared to healthy indi-
viduals), the internal AUROC was 0.746 (0.733-0.759),
with external AUROCSs of 0.590 (0.569-0.611, SP2) and
0.523 (0.488-0.557, BES) (Fig. 2e).

Across all diabetes-related classifications, performance
was consistently poorest in the BES dataset, with a rela-
tive AUROC reduction of 16-30% compared to the inter-
nal test set. Additionally, while F1 scores remained low
for most classifications (< 0.520), the highest scores were
observed when distinguishing poorly controlled from well-
controlled diabetes in the internal (0.714) and SP2 (0.871)
datasets—the only cases where the positive class (i.e.,
poorly controlled) outnumbered the negative class (i.e.,
well-controlled).

Model performance in detecting hypertension
and control status

Table 3 and Fig. 3 summarise the performance of ViT-based
models in detecting hypertension status and classifying con-
trol status.

For detecting hypertension presence, the model
achieved an internal AUROC of 0.781 (0.772-0.790)
and external AUROCs of 0.832 (0.819-0.844, SP2) and
0.727 (0.709-0.746, BES) (Fig. 3a). In contrast, regression

models showed limited accuracy in predicting SBP and
DBP values, with R? values of 0.191 (internal), 0.294
(SP2), and 0.071 (BES) for SBP, and 0.086 (internal),
0.126 (SP2), and 0.019 (BES) for DBP (Supplementary
Table 4). Performance was generally superior in the inter-
nal test set, with lower RMSE, MAE, and SD, and higher
RZ, compared to the external test sets. However, an excep-
tion was observed in the prediction of SBP, where SP2
demonstrated higher RMSE (19.587 vs. 17.855) and MAE
(16.074 vs. 14.119), but achieved a higher R? (0.294 vs.
0.191) than the internal test set. Systematic and propor-
tional bias (p < 0.001) was observed in SBP and DBP pre-
dictions across all datasets, except for DBP predictions in
the internal dataset, where no systematic bias was detected
(p=0.162) (Supplementary Table 4).

The AUROC values for detecting poorly controlled
hypertension (compared to non-hypertensive individuals)
were 0.853 (0.843-0.863) internally, 0.915 (0.902-0.927)
for SP2, and 0.792 (0.770-0.814) for BES (Fig. 3b). Sen-
sitivity at a specificity threshold of 0.8 was highest for this
subgroup, with values of 0.727 for the internal test set, 0.600
for BES, and 0.889 for SP2.

For detecting well-controlled hypertension (compared to
non-hypertensive individuals), the model achieved an inter-
nal AUROC of 0.740 (0.722-0.757) and external AUROCs

Table 3 Performance metrics of custom vision transformers in classifying hypertension outcomes

Test set No. of images AUROC  95% CI Sensitivity at optimal  Specificity at optimal ~ SE when Max F1 score
threshold threshold SP=0.8
Presence of Hypertension
SEED+ UKBB (internal)  11,081:8483  0.781 0.772-0.790  0.738 0.690 0.593 0.775
SP2 (external) 3081:4551 0.832 0.819-0.844  0.778 0.743 0.703 0.726
BES (external) 3547:2422 0.727 0.709-0.746  0.774 0.575 0.487 0.774
Poorly controlled hypertension (compared to non-diseased individuals)
SEED+ UKBB (internal) ~ 2847:8483 0.853 0.843-0.863  0.849 0.708 0.727 0.634
SP2 (external) 827:4551 0.915 0.902-0.927  0.883 0.814 0.889 0.650
BES (external) 964:2422 0.792 0.770-0.814  0.706 0.738 0.600 0.597
Well-controlled hypertension (compared to non-diseased individuals)
SEED+ UKBB (internal)  1433:8483 0.740 0.722-0.757  0.737 0.639 0.520 0.399
SP2 (external) 341:4551 0.807 0.774-0.839  0.744 0.748 0.653 0.342
BES (external) 1526:2422 0.675 0.652-0.698  0.715 0.565 0.409 0.602
Poorly controlled hypertension vs. well-controlled hypertension
SEED+ UKBB (internal) ~ 2847:1433 0.651 0.628-0.675  0.694 0.525 0.363 0.808
SP2 (external) 827:341 0.683 0.636-0.731  0.756 0.551 0.368 0.846
BES (external) 964:1526 0.639 0.609-0.669  0.690 0.514 0.338 0.584
Pre-hypertension (compared to healthy individuals)
SEED+ UKBB (internal) ~ 5954:2519 0.669 0.652-0.687  0.575 0.682 0.407 0.830
SP2 (external) 2335:2216 0.679 0.658-0.700  0.677 0.598 0412 0.701
BES (external) 1107:1315 0.645 0.614-0.677  0.701 0.525 0.349 0.649

Footnote: Sensitivity and specificity at the optimal threshold were determined using the Youden index. SE sensitivity, SP specificity

@ Springer



526

EPMA Journal (2025) 16:519-533

Test Set: — SEED + UKBB (Internal) — SP2 (Extemal) — BES (External)

Reference: ~” Random Classifier (AUC = 0.5)
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Fig.3 Receiver operating curves demonstrating the classification
performance of vision transformer-based models from retinal fundus
images across various hypertension outcomes. a Presence of hyper-
tension, b poorly controlled hypertension (compared to non-diseased

of 0.807 (0.774-0.839, SP2) and 0.675 (0.652-0.698, BES)
(Fig. 3c¢).

Within the hypertensive cohort, model performance
for differentiating poorly controlled from well-con-
trolled hypertension achieved an internal AUROC of
0.651 (0.628-0.675) and external AUROCs of 0.683
(0.636-0.731, SP2) and 0.639 (0.609-0.669, BES)
(Fig. 3d). Sensitivity at a specificity threshold of 0.8
was lowest for this classification, with values of 0.363
internally and 0.368 (SP2) and 0.338 (BES) externally
(Table 3).

For detecting pre-hypertension (compared to healthy indi-
viduals), the internal AUROC was 0.669 (0.652-0.687) and
external AUROCSs were 0.679 (0.658-0.700, SP2) and 0.645
(0.614-0.677, BES) (Fig. 3e).

Unlike diabetes-related outcomes, where both external
datasets showed larger performance declines compared
to the internal dataset, BES exhibited a smaller AUROC
reduction (2-9%) for hypertension outcomes, while SP2
outperformed the internal dataset across all classifications.
Furthermore, F1 scores were higher across all classifications
and datasets for hypertension outcomes than for diabetes
outcomes.

Model performance in detecting hypertension
and control status among diabetics

Hypertension outcomes among diabetics revealed relatively
poorer model performance compared to the general popula-
tion (Table 4 and Fig. 4).

The strongest AUROC results was observed for detect-
ing poorly controlled hypertension (compared to non-
hypertensive individuals), with an internal AUROC of
0.837 (0.795-0.875), and external AUROCs of 0.873
(0.838-0.907, SP2) and 0.740 (0.674-0.803, BES) (Fig. 4b).
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viduals)

Sensitivity at a specificity threshold of 0.8 was also strongest
for this classification, with values of 0.700 internally, 0.775
for SP2, and 0.486 for BES.

Meanwhile, the weakest AUROC performance was
observed for detecting pre-hypertension (compared to
healthy individuals), with an internal AUROC of 0.522
(0.416-0.630) and external AUROC:S of 0.611 (0.525-0.697,
SP2) and 0.659 (0.556-0.756, BES) (Fig. 4e). Sensitivity at
a specificity threshold of 0.8 in this classification was 0.1 73
internally, 0.221 for SP2, and 0.403 for BES.

Additionally, F1 scores were generally higher across
most classifications and datasets for hypertension out-
comes in people with diabetes compared to the general
population.

Saliency maps

The saliency maps indicate that the models predominantly
focussed on the retinal vasculature, particularly the major
blood vessels, when evaluating images for both diabetes and
hypertension (Supplementary Figs. 3, 4 and 5). For hyper-
tension, additional emphasis was placed on the region sur-
rounding the optic disk (Supplementary Figs. 4 and 5).

Discussion

In this study, we developed and validated ViT-based models
to classify the presence and control statuses of diabetes and
hypertension, leveraging 145,353 macula-centred retinal
photographs from 78,156 participants across four diverse
Asian and European cohorts. The models demonstrated
promising performance in detecting both conditions and
stratifying their control statuses, supporting the hypoth-
esis that ViT-based models applied to retinal imaging can
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Table 4 Performance metrics of custom vision transformers in classifying hypertension outcomes among diabetic patients

Test set No. of images AUROC 95% CI Sensitivity at optimal ~ Specificity at optimal ~ SE when Max F1 score
threshold threshold SP=0.8
Presence of hypertension
SEED + UKBB (internal) 1304:326 0.777 0.735-0.817  0.710 0.759 0.595 0.904
SP2 (external) 873:394 0.793 0.757-0.828  0.683 0.772 0.616 0.847
BES (external) 681:229 0.678 0.621-0.734  0.728 0.603 0.388 0.864
Poorly controlled hypertension (compared to non-diseased individuals)
SEED + UKBB (internal) 577:326 0.837 0.795-0.875  0.808 0.759 0.700 0.859
SP2 (external) 322:394 0.873 0.838-0.907 0.844 0.772 0.775 0.798
BES (external) 209:229 0.740 0.674-0.803  0.927 0.496 0.486 0.743
Well-controlled hypertension (compared to non-diseased individuals)
SEED + UKBB (internal) 347:326 0.712 0.659-0.764  0.639 0.741 0.476 0.724
SP2 (external) 119:394 0.764 0.697-0.829  0.667 0.728 0.540 0.525
BES (external) 326:229 0.639 0.572-0.706  0.696 0.603 0.327 0.751
Poorly controlled hypertension vs. well-controlled hypertension
SEED + UKBB (internal) 577:347 0.659 0.607-0.709  0.690 0.545 0.367 0.786
SP2 (external) 322:119 0.637 0.549-0.721  0.850 0.413 0.260 0.854
BES (external) 209:326 0.615 0.549-0.680  0.661 0.542 0.330 0.599
Pre-hypertension (compared to healthy individuals)
SEED + UKBB (internal) 249:69 0.522 0.416-0.630  0.797 0.333 0.173 0.881
SP2 (external) 273:121 0.611 0.525-0.697  0.736 0.500 0.221 0.827
BES (external) 135:94 0.659 0.556-0.756  0.903 0.388 0.403 0.779

Footnote: Sensitivity and specificity at the optimal threshold were determined using the Youden index. SE sensitivity, SP specificity

Test Set: — SEED + UKBB (Internal) — SP2 (Extemal) — BES (External)

Reference: ~” Random Classifier (AUC = 0.5)

o
3
3
°
3

True Positive Rate
°
g

True Positive Rate
o

True Positive Rate
°
g

°
»
3
3
°
»
3

AUC =0.777(0.735-0.817)
AUC =0.793(0.757-0.828)
oool AUC =0.678(0.621-0.734)

AUC =0.837(0.795-0.875)
AUC =0.873(0.838-0.907)

000 ) AUC =0.740(0.674-0.803) 000

o
o

True Positive Rate
°
3

True Positive Rate
°
3

°
°
5

AUC =0.712(0.659-0.764)
AUC =0.764(0.697-0.829)
AUC =0 :

AUC =0.659(0.607-0.709)
AUC =0.637(0.549-0.721)
0)

AUC =0.615(

AUC =0.522(0.416-0.630)
AUC =0.611(0.525-0.697)
AUC =0

2-0.706) 0.00 0004 A

000 025 050 075 1.00 0.00 0.25 0.50 0.75 1.00 000 025
False Positive Rate False Positive Rate

Fig.4 Receiver Operating Curves Demonstrating the Classification
Performance of Vision Transformer-Based Models from Retinal Fun-
dus Images Across Various Hypertension Outcomes among People
with Diabetes. a Presence of hypertension, b poorly controlled hyper-

potentially aid diabetes and hypertension management, in
line with the 3PM framework. However, the models showed
limited ability to predict continuous clinical parameters such
as HbAlc and blood pressure. These findings partially sup-
port our hypotheses, affirming the potential of ViT-based
retinal imaging for classifying diabetes and hypertension and
stratifying their control statuses, while emphasising the need
for further refinement to enhance its predictive power for
continuous biomarkers and its broader clinical applicability.
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tension (compared to non-diseased individuals), ¢ well-controlled
hypertension (compared to non-diseased individuals), d differentiat-
ing poorly controlled and well-controlled hypertension, e Pre-hyper-
tension (compared to healthy individuals)

Unmet patient needs in reactive medicine

The traditional reactive approach to medicine often fails
to address the needs of individuals with undiagnosed or
poorly controlled diabetes and hypertension, as interven-
tions typically occur only after onset, often when com-
plications have already developed [8, 9]. Many affected
individuals remain unaware of their condition, due to
the asymptomatic nature of the early stages of these
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conditions, exacerbating long-term health risks [3, 4]. This
gap in early detection highlights a critical unmet patient
need in reactive medicine.

Additionally, therapeutic inertia remains a major bar-
rier in reactive medicine. Many patients with diabetes or
hypertension continue with suboptimal treatment regimens
due to a lack of timely reassessments or clinical uncertainty,
leading to prolonged periods of poor disease control [42,
43]. This inertia contributes to avoidable disease progression
and increased risk of complications, jeopardising patient
outcomes.

3PM innovation to improve individual outcomes

The study highlights the potential for these models to assist
clinical decision-making and addressing unmet patient needs
in the reactive approach to medicine. Their predictive utility
lies in individualised patient profiling [9]—identifying indi-
viduals with undiagnosed or poorly controlled conditions,
as well as those at an elevated risk of progression, such as
those with pre-diabetes and pre-hypertension. By facilitat-
ing earlier detection of these individuals, the models ensure
timely referrals and targeted interventions, integral to the
preventive approach within 3PM. This proactive manage-
ment can potentially help to curb diabetes and hypertension
progression and reduce the risk of complications, ultimately
improving patient outcomes.

At the same time, by providing insights to an individual’s
control status, the models enable healthcare providers to
facilitate personalised treatment alterations. This tailored care
ensures that treatment plans are aligned with the patient’s
unique needs, ultimately leading to better outcomes and sus-
tained health improvements. Furthermore, recognising well-
controlled cases helps optimise resource allocation, preventing
over-diagnosis and ensuring that healthcare efforts are directed
towards individuals who require urgent care [8].

In primary care settings, where retinal imaging is
increasingly available, these models further facilitate
the opportunistic detection of diabetes and hypertension,
along with their control statuses, addressing a key unmet
need in reactive medicine. Unlike the traditional approach,
where interventions often occur only after disease onset,
often after complications have already developed due to
the asymptomatic nature of these conditions in their early
stages [8, 9], these models ensure earlier intervention. By
integrating these models into routine clinical practice,
healthcare delivery can be more efficient, patient manage-
ment can be streamlined, and outcomes can be significantly
improved. This shift represents a substantial move away
from reactive approaches, paving the way for more proac-
tive and effective healthcare strategies.
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Comparative performance of proposed ViT-based
models against existing literature

Our study explores ViT-based models as a promising
approach for retinal image-based detection of diabetes and
hypertension, demonstrating competitive performance with
established deep learning architectures. For diabetes, our
model achieved an internal AUROC of 0.820 (0.805-0.835),
outperforming a ResNet-18 model (AUROC: 0.731
[0.707-0.756]) that lacked external validation [20]. How-
ever, it fell short compared to a ResNet-50 model, which
reported AUROC:S ranging from 0.788 to 0.932 across inter-
nal and two external test sets [21]. Notably, the latter study
was conducted exclusively on Chinese cohorts, potentially
inflating performance due to limited generalisability. To our
knowledge, no prior studies have reported transformer-based
models for diabetes detection.

For hypertension detection, our ViT-based model
achieved an internal AUROC of 0.781 (0.772-0.790), out-
performing both an Inception-v3 model (AUROC, 0.766)
[22] and a transformer-based RETFound model (AUROC,
0.690 [0.657-0.724]) [26]. Neither of these studies con-
ducted external validation, highlighting the added value of
our approach in testing across diverse datasets.

Across both disease classifications, the models consist-
ently demonstrated the highest AUROC in detecting poorly
controlled cases (compared to non-diseased individuals).
This could be attributed to the more pronounced retinal fea-
tures associated with poorly controlled disease states, which
facilitate stronger model discrimination. This stratification is
particularly valuable for identifying high-risk patients who
require urgent intervention and supports targeted clinical
interventions to mitigate disease progression.

In regression analysis for the relevant systemic biomark-
ers (HbAlc, SBP, and DBP), our models consistently yielded
low R? values (Supplementary Table 4). This contrasts with
the relatively promising AUROC values observed in some
classification tasks for diabetes and hypertension outcomes,
suggesting that the models may lack critical predictors or
interactions influencing biomarker levels. Moreover, these
biomarkers are inherently variable due to factors like acute
stress or illness [44], or abrupt dietary changes (e.g. high-
sugar or salt intake), further complicating accurate regres-
sion modelling. Nonetheless, previous studies support some
findings; for instance, HbAlc has been reported with MAEs
of 0.33 and 1.39 and corresponding R? values of 0.13 and
0.09 [17, 45], which show some overlap with our observed
MAE range of 0.386-1.856 and R? range of 0.067-0.264
across internal and external test sets. However, for SBP, our
MAEs (14.119-18.533) and R? values (0.071-0.294) were
less favourable than those reported in prior studies (MAEs
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0f 9.29 and 11.35, RZ of 0.31 and 0.36). Similarly, for DBP,
our MAEs (8.092-14.591) and R? values (0.086-0.126) fell
short of the reported benchmarks (MAESs of 6.42 and 7.20,
R?0f 0.32 and 0.35) [17, 45]. The discrepancies between our
study’s findings and those of previous studies may stem from
factors such as population differences, imaging protocols,
feature extraction methodologies, or proportional bias, as
suggested by Bland—Altman plots (Supplementary Fig. 2).

The Bland—Altman plots (Supplementary Fig. 2) reveal
proportional bias, with prediction errors increasing along-
side the magnitude of predicted and actual values averages
[46]. This trend suggests that our models tend to overesti-
mate higher values while performing more accurately in pre-
dicting lower values across all three biomarkers. For HbAc,
this bias may be attributable to right-skewed distribution of
the training data (skewness =4.06), which includes a higher
density of observations in the lower ranges and sparse repre-
sentation in higher ranges (Supplementary Fig. 2). However,
for SBP and DBP, where the skewness is less pronounced,
this effect may reflect the inherent variability of these
biomarkers.

The saliency maps show that our models focus on major
retinal vessels for diabetes and hypertension classifica-
tion, which may explain their limited sensitivity to the
microvascular changes characteristic of these conditions
(Supplementary Figs. 3-5). In contrast to the scattered
regions of interest reported by Zhang et al. (2021) for
diabetes detection [21], our findings emphasise the sig-
nificance of the retinal vasculature, suggesting potential
differences in model training mechanisms. Conversely, our
models’ attention on vascular features and the optic disk
for hypertension detection aligns with existing literature
by Rim et al. (2020) [17] and Poplin et al. (2018) [45].
Future research could explore incorporating annotations of
key signs to guide the models’ focus towards the relevant
microvascular areas, potentially improving their sensitiv-
ity to the smaller blood vessels affected by diabetes and
hypertension.

Challenges in model performance
and generalisability for personalised and preventive
care

While the models showed promise in detecting the presence
and control statuses (compared to non-diseased individuals)
of diabetes and hypertension, they faced limitations in dif-
ferentiating between poorly controlled and well-controlled
cases, as well as in identifying pre-hypertension or pre-
diabetes relative to healthy individuals. These challenges
likely stem from the subtle retinal differences between these
groups, making nuanced distinctions difficult, particularly
when near clinical parametric thresholds. Moreover, the

smaller sample sizes in the poorly controlled and well-con-
trolled categories contributed to the widest 95% confidence
interval observed, complicating reliable predictions. Refin-
ing these models is crucial to enhancing risk stratification
and facilitating timely, targeted interventions.
Furthermore, the models exhibited varying degrees of
generalisability across datasets. Stronger performance on
the SP2 dataset was observed, likely due to its similarities
with the SEED cohort in imaging protocol and demograph-
ics, as both are Singapore-based multiethnic population
studies. In contrast, the BES dataset consistently achieved
lower AUROC values, potentially due to differences in cam-
era models and its exclusive focus on a Chinese population,
which lacks the ethnic diversity present in the UKBB and
SEED training datasets (Table 1). Notably, generalisation
was more consistent for hypertension than for diabetes out-
comes, suggesting that retinal biomarkers related for hyper-
tension may be more stable across populations, whereas
diabetes-related retinal changes exhibit greater variability.

Limitations and outlook in the context of 3PM

Our study has several limitations. First, the exclusion of
“ungradable” images through our quality assessment algo-
rithm (Supplementary Material 1) was intended to mini-
mise the risk of misclassification. However, this decision
should be considered carefully when deploying these mod-
els in clinical settings, where lower-quality images may
be encountered. Secondly, the ethnic imbalance between
Asian and European cohorts in the training set may have
influenced the performance of external test sets, which
predominantly comprised Asian participants. Future
research should aim for a more balanced cohort represen-
tation in external test sets to facilitate a fair assessment of
the model’s generalisability.

Beyond these limitations, an important avenue for future
research lies in enhancing the predictive utility of these
models to encompass incidence prediction. While our mod-
els effectively classify the presence and control statuses of
diabetes and hypertension, they do not yet forecast which
individuals with pre-diabetes or pre-hypertension are at the
highest risk of progression to disease onset. In this con-
text, the potential integration of our models with emerging
non-invasive biomarker profiling such as cell-free nucleic
acids [47], metabolomics [48], and tear-based diagnostics
[49-52] offers promising potential for multi-modal risk
stratification. These technologies may provide molecular-
level insights into individual disease trajectories and could
potentially enhance the sensitivity and specificity of pre-
disease detection. Advancing this predictive capability is
crucial for strengthening the 3PM paradigm, enabling a shift
from early detection to proactive, personalised prevention
through tailored risk-based interventions.
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Conclusion and expert recommendations

This study demonstrates the potential of ViT-based deep
learning models for retinal analysis in advancing the shift
from reactive medicine to 3PM.

Predictive approach

By enabling the stratification of control statuses and facilitat-
ing early detection of diabetes and hypertension, our mod-
els offer a unique and non-invasive alternative approach
to conventional diagnostic methods, which often identify
these conditions at later, more complicated stages. The
ability to identify undiagnosed individuals, as well as those
with poorly controlled conditions, supports earlier, risk-
based interventions, aligning with a predictive approach to
healthcare. More importantly, identifying individuals with
pre-diabetes or pre-hypertension allows for timely interven-
tions that can prevent disease progression, marking a signifi-
cant advancement in predictive medicine.

Targeted prevention in primary care

In primary care, where retinal imaging is increasingly avail-
able, these opportunistic screenings for diabetes and hyper-
tension can facilitate timely interventions for those requiring
urgent care, such as lifestyle changes or pharmacological
treatments, that can halt or slow disease progression before
it becomes clinically significant. This early intervention
aligns with the principles of targeted prevention, ultimately
improving patient outcomes and reducing the burden on
healthcare systems.

Personalisation of medical services

By stratifying the control statuses of diabetes and hyperten-
sion, our model supports personalised treatment decisions,
ensuring that individuals with poorly controlled diabetes or
hypertension receive timely treatment intensification while
well-controlled patients avoid unnecessary further interven-
tions. This tailored approach optimises disease management,
enhances patient outcomes, and improves resource alloca-
tion within healthcare systems.

Shaping the future of 3PM

To advance beyond the current state of the art, future
research should focus on enhancing predictive capabili-
ties, particularly in identifying individuals at risk of dis-
ease onset from pre-diabetes or pre-hypertension states.
Integrating longitudinal data and refining personalised
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risk assessments will be critical in transitioning from
early detection to true prevention, allowing for stratified,
patient-specific interventions based on individual risk tra-
jectories. These assessments may be potentially further
enriched through non-invasive biomarker profiling from
body fluids such as cell-free nucleic acids [47], metabo-
lomics [48], and tears [49-52]. Additionally, improving
model generalisability across diverse populations and
enhancing robustness to real-world imaging variability
are essential for clinical translation. By addressing these
challenges, these models can potentially evolve into robust
assistive tools for clinical decision-making, facilitating
predictive, personalised, and preventative care within the
3PM framework.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s13167-025-00412-9.
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