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Purpose: Recent studies utilized ocular images and deep learning (DL) to predict refractive error and yielded
notable results. However, most studies did not address biases from imbalanced datasets or conduct external
validations. To address these gaps, this study aimed to integrate the deep imbalanced regression (DIR) technique
into ResNet and Vision Transformer models to predict refractive error from retinal photographs.

Design: Retrospective study.
Subjects: We developed the DL models using up to 103 865 images from the Singapore Epidemiology of Eye

Diseases Study and the United Kingdom Biobank, with internal testing on up to 8067 images. External testing was
conducted on 7043 images from the Singapore Prospective Study and 5539 images from the Beijing Eye Study.
Retinal images and corresponding refractive error data were extracted.

Methods: This retrospective study developed regression-based models, including ResNet34 with DIR, and
SwinV2 (Swin Transformer) with DIR, incorporating Label Distribution Smoothing and Feature Distribution
Smoothing. These models were compared against their baseline versions, ResNet34 and SwinV2, in predicting
spherical and spherical equivalent (SE) power.

Main Outcome Measures: Mean absolute error (MAE) and coefficient of determination were used to eval-
uate the models’ performances. The Wilcoxon signed-rank test was performed to assess statistical significance
between DIR-integrated models and their baseline versions.

Results: For prediction of the spherical power, ResNet34 with DIR (MAE: 0.84D) and SwinV2 with DIR (MAE:
0.77D) significantly outperformed their baselinedResNet34 (MAE: 0.88D; P < 0.001) and SwinV2 (MAE: 0.87D;
P < 0.001) in internal test. For prediction of the SE power, ResNet34 with DIR (MAE: 0.78D) and SwinV2 with DIR
(MAE: 0.75D) consistently significantly outperformed its baselinedResNet34 (MAE: 0.81D; P < 0.001) and
SwinV2 (MAE: 0.78D; P < 0.05) in internal test. Similar trends were observed in external test sets for both
spherical and SE power prediction.

Conclusions: Deep imbalanced regressedeintegrated DL models showed potential in addressing data im-
balances and improving the prediction of refractive error. These findings highlight the potential utility of combining
DL models with retinal imaging for opportunistic screening of refractive errors, particularly in settings where retinal
cameras are already in use.
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Uncorrected refractive error is the leading cause of
moderate and severe visual impairment (VI) in adults >50
years old, accounting for 86.1% of cases.1 Uncorrected
refractive error can have a profound impact on quality of
life and work productivity.2 Despite the cost-effectiveness
of spectacle correction, only 35.7% of individuals with
distance-related uncorrected refractive error receive treat-
ment globally.3 This situation highlights a significant public
ª 2024 by the American Academy of Ophthalmology
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/). Published by Elsevier Inc.
health issue and underscores the critical need for effective
global interventions.

Advancements in deep learning (DL) demonstrated
promising performance in ophthalmology4e11 and position
DL as a potential tool to enhance screening effectiveness
and thereby reduce VI. To that end, coupling DL algorithms
with retinal imaging offers a promising avenue for oppor-
tunistic screening of refractive error, especially as retinal
1https://doi.org/10.1016/j.xops.2024.100659
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cameras become increasingly available in vision screening
programs such as diabetic retinopathy (DR) screening.

Data imbalance is a common and inherent issue in
real-world application, where certain target values are rep-
resented by significantly fewer observations.12 Past studies
have used DL models for predicting refractive error using
ocular images; however, most of the studies did not
address biases from imbalanced datasets or conduct
external validation.13e21 Deep learning models trained on
imbalanced data tend to produce biased results and may not
generalize well to external test sets.22,23 Therefore,
addressing data imbalances is crucial for improving the
model’s generalizability and clinical applicability.24

To tackle this, we integrated the deep imbalanced
regression (DIR) technique12 into 2 DL models, namelyd
ResNet3425 and SwinV226 (Swin Transformer version 2).
In this study, we evaluated and compared the
performances of these DIR-integrated models with con-
ventional DL models without DIR in predicting spherical
and spherical equivalent (SE) power. We hypothesize that
incorporating DIR will improve the accuracy of refractive
error predictions.
Methods

Study Design

In this retrospective study, we trained and tested our models
(ResNet34, ResNet34 with DIR, SwinV2, and SwinV2 with DIR)
using retinal images from the Singapore Epidemiology of Eye
Diseases (SEED) Study27 and the United Kingdom Biobank
(UKBB)28 and externally tested the models on the Singapore
Prospective Study Program (SP2)29 and the Beijing Eye Study
(BES)30 datasets (Fig 1). We extracted the relevant clinical data
from the 4 study cohorts. The relevant clinical data obtained
were the patients’ identification codes, refractive error status (SE
and spherical power), and macular centered retinal images.
Images of poor quality and those from patients who had
Figure 1. Overview of study design. BES ¼ Beijing Eye Study; SE ¼ spheric
Singapore Prospective Study; UKBB ¼ United Kingdom Biobank.
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undergone cataract surgery were excluded from the data
extraction process. Retinal photographs of poor quality or with
artefacts due to eye movement, blinking, or extremely small
pupil (thus restricted view of the fundus) were excluded. In
SEED, BES, and SP2 datasets, image quality was assessed
through manual inspection by the original studies’ representatives
or readers. In UKBB dataset, we employed the RetiSort31

algorithm to filter and select good quality retinal images.
Written informed consent was obtained from all participants.

Each study complied with the principles of the Declaration of
Helsinki and received approval from the respective local ethical
committees. Additionally, data usage permission was granted by
the principal investigator of each study.

Study Dataset

For the prediction of the spherical power, we employed a balanced
splitting approach. Using the combined SEED and UKBB dataset
of 111 932 retinal images (SEED: 17 105 and UKBB: 94 827), we
allocated 95 798 images (SEED: 13 325 and UKBB: 82 473) for
training, 8067 images (SEED: 1890 and UKBB: 6177) for vali-
dation, and another 8067 images (SEED: 1890 and UKBB: 6177)
for internal testing, adhering to an approximate ratio of 12:1:1
(Table S1, available at www.ophthalmologyscience.org).

For the prediction of SE, we employed a balanced splitting
approach. Using the combined SEED and UKBB dataset of
111 684 retinal images (SEED: 16 857 and UKBB: 94 827), we
allocated 95 670 images (SEED: 13 079 and UKBB: 82 591) for
training, 8007 images (SEED: 1889 and UKBB: 6118) for vali-
dation, and another 8007 images (SEED: 1889 and UKBB: 6118)
for internal testing, adhering to an approximate ratio of 12:1:1
(Table S1, available at www.ophthalmologyscience.org).

For the detection of significant refractive error, we employed
a random data splitting approach. Using the combined SEED
and UKBB dataset of 111 794 retinal images (SEED: 16 967
and UKBB: 94 827), we allocated 88 037 images (SEED: 13 363
and UKBB: 74 674) for training, 9782 images (SEED: 1515 and
UKBB: 8267) for validation, and another 13 975 images (SEED:
2089 and UKBB: 11 886) for internal testing, adhering to an
approximate ratio of 8:1:1 (Table S1, available at
www.ophthalmologyscience.org).
al equivalent; SEED ¼ Singapore Epidemiology of Eye Diseases; SP2 ¼

https://www.ophthalmologyscience.org
https://www.ophthalmologyscience.org
https://www.ophthalmologyscience.org


Yew et al � Deep Imbalanced Regression for Refractive Error
For each of the external testing set in the prediction of spherical
power, SE, and significant refractive error, 7043 retinal images
from SP2 and 5539 retinal images from BES were used (Table S1,
available at www.ophthalmologyscience.org).

DL Model Development

We developed a regression model based on a supervised DL
approach to predict refractive error using retinal photographs. For
the underlying model architecture, we utilized the ResNet34 and
SwinV2 model coupled with DIR technique12 to minimize the
effects of imbalanced data on the model’s predictive
performance. We then evaluated the performance of the
ResNet34 with DIR and SwinV2 with DIR model against the
original ResNet34 and SwinV2 model in predicting spherical
power and SE.

The integration of DIR was anticipated to enhance the
model’s performance. The labels were retrieved from 4 datasets
with corresponding retinal images. Two simple yet effective
methods, label distribution smoothing and feature distribution
smoothing (Fig 2; Figs S3 and S4, available at
www.ophthalmologyscience.org), were employed to address
DIR, exploiting the similarity between nearby targets in both
label and feature space. This approach considers the impact of
nearby target values and adjusts the distributions of both the
labels and learned features. The primary inputs to each of the
DL models were the macula-centered retinal images and the
relevant clinical labels (i.e., Spherical and SE power). Label
distribution smoothing is similar to the reweighting method in
classification model, but it considers the difference in classifi-
cation and regression models (i.e., the empirical label distribution
corresponding to the real label density distribution is different in
the 2-type model). Label distribution smoothing convolves a
symmetric kernel with the empirical label density to estimate the
effective label density distribution that accounts for the conti-
nuity of labels and captures the real imbalance that affects
regression problems. Feature distribution smoothing assumes the
feature of the neighbor continuous target values should be
similar; it introduces a feature calibration layer that uses kernel
smoothing to smooth the distributions of feature mean and
covariance over the target space for addressing data imbalance.30

We applied data augmentation techniques, including random
horizontal flipping, scaling, rotation, and ColorJitter.
Additionally, the square-root inverse reweighting method was
employed with DIR during model training.12,32

We also developed binary-based models using ResNet34 and
SwinV2 backbone with a supervised DL approach aimed at
Figure 2. Deep imbalanced regression model using convolutional neural netw
fundus image. Label distribution smoothing and feature distribution smoothin
similarity between nearby targets in both label and feature space. This approach
both the labels and learned features.
determining the presence of a significant refractive error (e.g.,
‘Yes’ or ‘No’ of significant refractive error) (Fig S5, available at
www.ophthalmologyscience.org). The positive to negative class
ratio is balanced. To the best of our knowledge, to date, there is
no standardized definition for significant refractive error.
Nevertheless, we have adopted an approach of corresponding the
degree of refractive error with significant VI (defined as 20/40,
based on United States definition).33 We defined significant
refractive error as a spherical power of ��1.00D or �þ1.50D,
and/or a cylindrical power of ��1.50D. The spherical power
threshold of �1.00DS was selected because it corresponds to a
visual acuity of 20/40. Although þ1.00DS theoretically
corresponds to 20/40 vision, clinical experience shows that
hyperopic patients with þ1.00DS often achieve better than 20/40
vision.34,35 Therefore, we opted for a þ1.50DS threshold. The
cylinder power threshold of �1.50DC was selected because it
corresponds to a visual acuity of 20/40, and patients with this
refractive error may experience impaired vision, particularly in
low-contrast conditions, increasing the risk of falls.36,37

Statistical Analysis

For each retinal image, the regression model generated a contin-
uous prediction (i.e., spherical and SE). Mean absolute error
(MAE) and coefficient of determination (R2) were used to evaluate
its performance. Data normality was assessed using the
ShapiroeWilk test. The normality test (ShapiroeWilk test) for the
difference between actual and predicted regression values showed
that the distribution of these measurements did not follow a normal
distribution. Hence, we performed Wilcoxon signed-rank test to
assess the differences between the actual and predicted values
across all models.

Agreement between the actual and predicted values was eval-
uated using BlandeAltman plots.38,39 The 95% limits of agreement
(LOA) were defined as the mean difference �1.96 standard
deviations. The difference [artificial intelligence-predicted power
minus ground truth] were plotted against the average of the 2
measurements. When a trend was identified, Pearson’s correlation
coefficient (R) of the least squares regression line was plotted.

For each retinal image, the classification model generated
probability output values (from 0 to 1) which corresponded to the
probability of the image having a significant refractive error or a
nonsignificant refractive error. Based on the probability scores, we
selected an optimal threshold based on the Youden Index to
determine the predicted binary class for each retinal image. “0”
represented nonsignificant refractive error and “1” represented a
significant refractive error. To assess the model’s performance for
ork and transformer backbone for predicting refractive error from retinal
g, were employed to address deep imbalanced regression, exploiting the
considers the impact of nearby target values and adjusts the distributions of
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binary classification, we used the area under the receiver operating
characteristics curve (AUROC).

Statistical analyses were performed using Jupyter Lab, Python
3.11.5, packaged by Anaconda, Inc. (main, Sep 11 2023, 13:26:23,
MSC v.1916 64 bit [AMD64]).
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Results

The characteristics of the 4 datasets (SEED, UKBB, SP2,
and BES) were summarized in Table 2. The mean age of
subjects in SEED was 58.9 � 10.4 years, 56.5 � 8.1
years in UKBB, 49.9 � 12.6 years in SP2, and
56.2 � 10.6 years in BES. The SEED dataset comprised
9845 participants (17 105 eyes), and the UKBB dataset
comprised 55 248 patients (94 827 eyes). The SP2
dataset comprised 3735 patients (7043 eyes), and the
BES dataset comprised 2984 patients (5539 eyes). The
proportion of women ranged between 50.6% and 56.2%
across the datasets. The SEED dataset included
individuals of Malay (n ¼ 3326, 33.8%), Indian
(n ¼ 3226, 32.8%), and Chinese (n ¼ 3293, 33.4%)
ethnicities. The UKBB dataset included individuals of
White (n ¼ 89 033, 94.4%), African ancestry (n ¼ 1725,
1.8%), South Asian (1686, 1.8%), Chinese (n ¼ 263,
0.3%), and other (n ¼ 1593, 1.7%) ethnicities. The SP2
dataset included individuals of Malay (n ¼ 841, 22.5%),
Indian (n ¼ 179, 19.3%), Chinese (n ¼ 2172, 58.1%),
and other (n ¼ 4, 0.1%) ethnicities. The BES dataset
only included Chinese. Retinal images captured in the
SEED, SP2, and BES were taken under medical
mydriasis, whereas those from the UKBB were obtained
with the pupils undilated.
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SE Prediction in ResNet34 and ResNet34 with
DIR Models

For spherical power prediction in the internal test, ResNet34
with DIR achieved an MAE of 0.84D and R2 of 0.93
compared with RestNet34’s MAE of 0.88D and R2 of 0.92
(P < 0.001). In the SP2 dataset, ResNet34 with DIR ach-
ieved an MAE of 0.84D and R2 of 0.79, compared with
ResNet34’s MAE of 0.98D and R2 of 0.74 (P < 0.001). In
the BES dataset, ResNet34 with DIR achieved an MAE of
0.56 and R2 of 0.78 compared with ResNet34’s MAE of
0.57D and R2 of 0.77 (P < 0.001) (Table 3).
D
at
as
et

S

M
ea
n
ag
e,

yr
s
(�

SD
)

Et
hn

ic
it
y

M
al
a

In
di
an

C
hi
ne
s

N
um

be
r
of

ey
es

G
en
de
r

M
al
e

n
Fe
m
al
e

n
C
ou
nt
ry

T
yp
e
of

co
ho

rt
C
am

er
a
us
ed

C
a

Fi
el
d
of

vi
ew

D
ila
te
d
or

un
di
la
te
d
fu
nd

us
B
io
m
et
ry

m
ac
hi
ne

C

B
ES

¼
B
ei
jin

g
Ey
e
St
ud

y;
SD

¼
st
an
da
rd

de
SE Prediction in SwinV2 and SwinV2 with DIR
Models

For spherical power prediction in the internal test, SwinV2
with DIR achieved an MAE of 0.77D and R2 of 0.94,
compared with SwinV2’s MAE of 0.87D and R2 of 0.92
(P < 0.001). In the SP2 dataset, SwinV2 with DIR achieved
an MAE of 0.80 and R2 of 0.80, compared with SwinV2’s
MAE of 0.90D and R2 of 0.76 (P < 0.001). In the BES
dataset, SwinV2 with DIR achieved an MAE of 0.61 and R2

of 0.75, compared with SwinV2’s MAE of 0.63D and R2 of
0.73 (P < 0.001) (Table 3).
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Table 3. Performance Comparison of ResNet34 and ResNet34 with DIR and SwinV2 and SwinV2 with DIR in Spherical Power
Prediction

Output: Spherical Power (D)

ResNet34 ResNet34 with DIR

P Value*

SwinV2 SwinV2 with DIR

P ValueyMAE R2 MAE R2 MAE R2 MAE R2

Internal dataset
SEED and UKBB (n ¼ 8067 images) 0.88 0.92 0.84 0.93 <0.001 0.87 0.92 0.77 0.94 <0.001

External datasets
SP2 (n ¼ 7043 images) 0.98 0.74 0.84 0.79 <0.001 0.90 0.76 0.80 0.80 <0.001
BES (n ¼ 5539 images) 0.57 0.77 0.56 0.78 <0.001 0.63 0.73 0.61 0.75 <0.001

BES ¼ Beijing Eye Study; DIR ¼ Deep Imbalanced Regression; MAE ¼ mean absolute error; R2 ¼ coefficient of determination; SEED ¼ Singapore
Epidemiology of Eye Diseases; SP2 ¼ Singapore Prospective Study; UKBB ¼ United Kingdom Biobank.
Bolded P value indicates significant difference.
*P value of <0.05 indicates statistically significantly difference in MAE between ResNet34 with DIR and ResNet34.
yP value of <0.05 indicates statistically significantly difference in MAE between SwinV2 with DIR and SwinV2.

Yew et al � Deep Imbalanced Regression for Refractive Error
SE Prediction in ResNet34 and ResNet34 þ DIR

For SE prediction in the internal test, ResNet34 with DIR
achieved an MAE of 0.78D and R2 of 0.94 compared with
ResNet34’s MAE of 0.81D and R2 of 0.93 (P < 0.001). In
the SP2 dataset, ResNet34 with DIR achieved an MAE of
0.84 and R2 of 0.79 compared with ResNet34’s MAE of
0.85D and R2 of 0.78 (P: 0.97). In the BES dataset,
ResNet34 with DIR achieved an MAE of 0.51D and R2 of
0.82 compared with ResNet34’s MAE of 0.54D and R2 of
0.80 (P < 0.001) (Table 4).
SE Prediction in SwinV2 and SwinV2 with DIR
Models

For SE prediction in the internal test, SwinV2 with DIR
achieved an MAE of 0.75D and R2 of 0.94, compared with
SwinV2’s MAE of 0.78D and R2 of 0.93 (P ¼ 0.001). In the
SP2 dataset, SwinV2 with DIR had an MAE of 0.75D and
R2 of 0.82, compared with SwinV2’s MAE of 0.79D and R2

of 0.81 (P < 0.001). In the BES dataset, SwinV2 with DIR
showed an MAE of 0.51D and R2 of 0.82, compared with
SwinV2’s MAE of 0.64D and R2 of 0.75 (P < 0.001)
(Table 4).
Table 4. Performance Comparison of ResNet34 and ResNet34 with
Predict

Output: Spherical Equivalent (D)

ResNet34 ResNet34 with

MAE R2 MAE R

Internal dataset
SEED and UKBB (n ¼ 8007 images) 0.81 0.93 0.78 0

External datasets
SP2 (n ¼ 7043 images) 0.85 0.78 0.84 0
BES (n ¼ 5539 images) 0.54 0.80 0.51 0

BES ¼ Beijing Eye Study; DIR ¼ Deep Imbalanced Regression; MAE ¼ me
Epidemiology of Eye Diseases; SP2 ¼ Singapore Prospective Study; UKBB ¼ U
Bolded P value indicates significant difference.
*P value of <0.05 indicates statistically significantly difference in MAE betwee
yP value of <0.05 indicates statistically significantly difference in MAE betwee
Agreement between Predicted Values by DL
Model Predicted Values and Ground Truth

Figures 6 and 7 show the BlandeAltman plots illustrating
the agreement between actual and predicted power in both
spherical and SE prediction for internal validation.
Figure 6A shows the BlandeAltman plot of ResNet34
model for spherical power prediction (mean
difference: �0.14D; LOA: �2.53, 2.24). Figure 6B shows
the BlandeAltman plot of ResNet34 with DIR for spher-
ical prediction (mean difference: �0.06D; LOA: �2.34,
2.21). Figure 6C shows the BlandeAltman plot of SwinV2
model for spherical power prediction (mean difference:
0.11D; LOA: �2.25, 2.47). Figure 6D shows the
BlandeAltman plot of SwinV2 with DIR model for spher-
ical power prediction (mean difference: 0.04D;
LOA: �2.17, 2.09). Figure 7A shows the BlandeAltman
plot of ResNet34 for SE prediction (mean difference:
0.06D; LOA: �2.31, 2.44). Figure 7B shows the
BlandeAltman plot of ResNet34 with DIR model for SE
prediction (mean difference: 0.06D; LOA: �2.17, 2.30).
Figure 7C shows the BlandeAltman plot of SwinV2 model
for SE prediction (mean difference: 0.17D; LOA: �2.10,
2.44). Figure 7D shows the BlandeAltman plot of SwinV2
DIR and SwinV2 and SwinV2 with DIR in Spherical Equivalent
ion

DIR

P Value*

SwinV2 SwinV2 with DIR

P Valuey2 MAE R2 MAE R2

.94 <0.001 0.78 0.93 0.75 0.94 0.001

.79 0.97 0.79 0.81 0.75 0.82 <0.001

.82 <0.001 0.64 0.75 0.51 0.82 <0.001

an absolute error; R2 ¼ coefficient of determination; SEED ¼ Singapore
nited Kingdom Biobank.

n ResNet34 with DIR and ResNet34.
n SwinV2 with DIR and SwinV2.
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Figure 6. BlandeAltman plots of spherical power measurements in internal test: A, model: ResNet34 (MAE: 0.88D, R2: 0.92); B, model: ResNet34 with
DIR (MAE: 0.84D, R2: 0.93); C, model: SwinV2 (MAE: 0.87D, R2: 0.92); D, model: SwinV2 with DIR (MAE: 0.77D, R2: 0.94). Red line represents the
least squares regression line. DIR ¼ deep imbalanced regression; MAE ¼ mean absolute error; SD ¼ standard deviation.
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with DIR model for SE prediction (mean difference: 0.14D;
LOA: �2.04, 2.32). The BlandeAltman plots for the
remaining datasets can be found in Figures S8eS11
(available at www.ophthalmologyscience.org).

Significant Refractive Error Prediction with
ResNet34 and SwinV2 Model

Using the SwinV2 model for the detection of significant
refractive error, the AUROC was 0.90 for the internal test.
For external test, the AUROC was 0.87 in the SP2 dataset
and 0.79 in the BES dataset. In comparison, the ResNet34
model achieved an AUROC of 0.86 for the internal test,
with AUROC of 0.83 in the SP2 dataset and an AUROC of
0.65 in the BES dataset for external test (Table S5, available
at www.ophthalmologyscience.org).

Discussion

To our knowledge, this study represents one of the first to
integrate DIR technique into DL models for prediction of
refractive errors using retinal photographs. The DIR-
integrated models consistently demonstrated superior
MAE and R2 performance compared with their baseline
6

models (Tables 3 and 4). Deep imbalanced regression’s
improved accuracy in handling imbalanced datasets
suggests greater suitability for real-world evaluation where
data imbalance is common. These findings highlight the
potential utility of combining DL models with retinal
imaging for opportunistic screening of refractive
errors, particularly in settings where retinal cameras are
already in use.

Our results are comparable to previous DL studies using
retinal images to predict refractive error. Varadarajan et al
(2018) reported a slightly lower MAE (spherical: 0.56D, SE:
0.56De0.91D), while Zou et al (2022) reported an MAE of
0.50D to 0.63D for spherical power prediction. However,
both studies demonstrated lower R2 values, suggesting that
despite achieving better MAE metrics, their models may not
effectively capture underlying patterns, thereby limiting
generalizability. Additionally, we also explored cylinder po-
wer prediction and observed suboptimal performance
(Table S6, available at www.ophthalmologyscience.org).
This is not unexpected as cylinder power is mainly
attributed to cornea and lens and not retinal.40 We
conducted sensitivity analyses by removing eyes with age-
related macular degeneration and DR (Table S7, available at
www.ophthalmologyscience.org). Overall, the MAE

https://www.ophthalmologyscience.org
https://www.ophthalmologyscience.org
https://www.ophthalmologyscience.org
https://www.ophthalmologyscience.org


Figure 7. BlandeAltman plots of spherical equivalent in internal test: A, model: ResNet34 (MAE: 0.81D, R2: 0.93); B, model: ResNet34 with DIR (MAE:
0.78D, R2: 0.94); C, model: SwinV2 (MAE: 0.78D, R2: 0.93); D, model: SwinV2 with DIR (MAE: 0.75D, R2: 0.94). Red line represents the least squares
regression line. DIR ¼ deep imbalanced regression; MAE ¼ mean absolute error; SD ¼ standard deviation.
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performance remained similar with the original analyses
(Tables 3 and 4). Furthermore, models with DIR continued
to consistently outperform those without DIR in
these sensitivity analyses (Table S7, available at
www.ophthalmologyscience.org). We also performed
subgroup analyses on the higher hyperopic (þ5D or worse)
and higher myopic (�10D or worse) groups and observed
that DIR-integrated models yielded lower MAE compared
with non-DIRmodels across both tasks (Table S8, available at
www.ophthalmologyscience.org), indicating that DIR
method may be applied to higher refractive error range as
well. However, it is important to note that the MAE values
in these subgroups were higher than those observed in the
main analyses (Tables 3 and 4).

We also observed that the BES dataset consistently
demonstrated lower MAE than internal dataset for both
spherical power and SE predictions (Tables 3 and 4). As
shown in the BlandeAltman plots for internal test sets
(Figs 6 and 7), our models consistently perform better on
lower refractive error range (i.e., �5.00D to þ5.00D).
Coincidentally, a large portion of the BES dataset (98%)
falls within range as well (Figs S9 and S11, available at
www.ophthalmologyscience.org). This may have attributed
to the lower MAE observed in BES.
Our study is unique in its application of the DIR technique
to ResNet34 and SwinV2 to address data imbalances in
refractive error prediction. Traditional data imbalance handling
techniques such as Synthetic Minority Over-sampling TEch-
nique-based regression methods (i.e., Synthetic Minority Over-
sampling TEchnique for Regression41 and Synthetic Minority
Over-sampling TEchnique for Regression with Gaussian
Noise42) address data imbalance by generating synthetic
samples for predefined rare regions or ranges. However,
these traditional methods may have limitations when applied
to high-dimensional data and computer vision tasks. In
contrast, the DIR approach, which incorporates LDS and
feature distribution smoothing, has proven more effective in
handling data imbalance in computer vision task, yielding
better overall performance.12 We applied the DIR approach to
our models, resulting in a lower MAE and higher R2 for
predicting spherical power and SE, and with vision
transformer models generally achieving superior performance
than convolutional neural network (Tables 3 and 4). The
observed reductions in MAE across all DIR models,
compared with their non-DIR counterparts, further under-
score the robustness of the DIR method across various model
architectures. Secondly, we trained our model on a multiethnic
cohort from the SEED and UKBB datasets and validated it
7
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externally with the SP2 and BES datasets, a step omitted in
previous research.13e18 The design which combined the SEED
and UKBB datasets, was motivated by the objective of
developing a more diverse and potentially more generalizable
model. Thirdly, we split our training, validation, and test sets
by a balanced approach for regression tasks, ensuring each set
included an appropriate number of images from each range of
refractive error to fairly represent the full spectrum. These
approaches enhanced the robustness and credibility of the DL
algorithm’s performance.

Non-DL methods, such as autorefraction and subjective
refraction are common methods to measure refractive error.
However, autorefraction requires the acquisition of an addi-
tional instrument, whereas subjective refraction is more time
consuming.43 Although retinal photo-based DL models may
not match the accuracy of autorefraction, they could be more
practical in screening settings where retinal cameras are
already in use (e.g., DR screening programs), offering
opportunistic screening for refractive errors. Nonetheless,
their integration into routine clinical practice still requires
careful consideration.

Our study had several limitations. Firstly, while incor-
porating DIR into both ResNet34 and SwinV2 model
enhanced predictive accuracy, certain challenges remain.
All models tend to slightly underpredict refractive error in
8

the hyperopic range and overpredict in the myopic range
(Figs 6 and 7, and Figs S8eS11, available at
www.ophthalmologyscience.org). Scatter points are more
tightly clustered in the low refractive error range,
suggesting better performance in this range which is
likely due to the higher proportion of low refractive errors
in the training data. Despite this, DIR-integrated models
consistently outperformed their baseline counterparts
(Tables 3 and 4).

Next, the use of different refractometry methods and
retinal image capture conditions may introduce variability,
particularly in the model’s performance during external
testing. However, this variability also allows us to evaluate
the model’s robustness and generalizability across different
clinical settings. By utilizing diverse datasets, we can better
assess the model’s performance where conditions and
equipment may vary, thereby offering a more comprehen-
sive assessment of its clinical utility.

The DIR-integrated DL models have shown potential in
addressing data imbalances in predicting refractive error
from retinal photographs. These findings highlight the
potential utility of combining DL models with retinal
imaging for opportunistic screening of refractive
errors, particularly in settings where retinal cameras are
already in use.
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