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ABSTRACT

Objective Despite extensive exploration of potential
biomarkers of cardiovascular diseases (CVDs) derived
from retinal images, it remains unclear how retinal
images contribute to CVD risk profiling and how the
results can inform lifestyle modifications. Therefore, we
aimed to determine the performance of cardiovascular
risk prediction model from retinal images via explicitly
estimating 10 traditional CVD risk factors and compared
with the model based on actual risk measurements.
Design A prospective cohort study design.

Setting The UK Biobank (UKBB), a prospective cohort
study, following the health conditions including CVD
outcomes of adults recruited between 2006 and 2010.
Participants A subset of data from the UKBB which
contains 52297 entries with retinal images and 5-year
cumulative incidence of major adverse cardiovascular
events (MACE) was used. Our dataset is split into 3:1:1

as training set (n=31403), validation set (n=10420) and
testing set (n=10474). We developed a deep learning (DL)
model to predict 5-year MACE using a two-stage DL neural
network.

Primary and secondary outcome measures We
computed accuracy, area under the receiver operating
characteristic curve (AUC) and compared variations in the
risk prediction models combining CVD risk factors and
retinal images.

Results The first-stage DL model demonstrated that

the 10 CVD risk factors can be estimated from a given
retinal image with an accuracy ranging between 65.2%
and 89.8% (overall AUC of 0.738 with 95% CI: 0.710 to
0.766). In MACE prediction, our model outperformed the
traditional score-based models, with 8.2% higher AUC than
Systematic COronary Risk Evaluation (SCORE), 3.5% for
SCORE 2 and 7.1% for the Framingham Risk Score (with p
value<0.05 for all three comparisons).

Conclusions Our algorithm estimates the 5-year risk of
MACE based on retinal images, while explicitly presenting
which risk factors should be checked and intervened.
This two-stage approach provides human interpretable
information between stages, which helps clinicians gain

STRENGTHS AND LIMITATIONS OF THIS STUDY

= Retinal images have been used to predict cardio-
vascular disease (CVD) outcomes; we explored their
use as estimators of 10 traditional CVD risk factors
to enhance model explainability in predicting major
adverse cardiovascular events within 5 years.

= The training process is interpretable by explicitly
estimating 10 CVD risk factors, achieving high pre-
diction accuracy.

= The two-stage network setup provides clinicians

with deeper insights, allowing for the identification

of potential algorithmic abnormalities.

Estimating the 10 individual traditional CVD risk

factors enables personalised CVD risk profiles and

corresponding intervention to reduce CVD risk.

= The main limitation is that deep learning methods
require high image quality to achieve high model
accuracy.

=

insights into the screening process copiloting with the DL
model.

INTRODUCTION

Cardiovascular disease (CVD) is the
leading cause of death, and it alone caused
17.9million deaths in 2019 representing
32% of global mortalities.! Traditionally,
risk assessment for CVD disease has been
performed based on multiple factors, namely,
older age, male gender, hypertension, dyslip-
idaemia, diabetes, obesity and smoking habit.
This strategy developed clinical CVD risk
assessment algorithms, such as Systematic
COronary Risk Evaluation (SCORE),? Fram-
ingham Risk Score,” WHO guidelines* or
Pooled Cohort Equations (PEC),” to provide
a quantitative risk measure. To use such tools
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essentially requires blood samples for glucose, cholesterol
and triglycerides levels.

Novel biomarkers of CVD have been sought exten-
sively to improve the assessment to explain what has been
known as the residual risk. One of the unique candidates
of CVD risk biomarkers is the retinal image assessment.
The retina has been recognised as a window to the body,
especially for its uniqueness to visualise vascular struc-
tures in vivo. It thus has been recognised as a non-invasive
screening modality to evaluate organ damage due to
hypertension and other cardiovascular (CVD) risks. It has
been demonstrated that qualitative assessment of retinal
signs can provide CVD risk assessment,” then quantita-
tive retinal vessel morphological changes,”® and more
recently, a deep learning (DL) model using retinal images
as a sole input to estimate CVD risk.”"!

However, itis still not clear how the retinal image reflects
CVD risk factors, and how the assessment results based
on the retinal image may be used or interpreted for life-
style modification to realise a clinically useful screening.
Therefore, we aimed to develop an explainable machine
learning method that analyses retinal images to estimate
the 5-year risk of the major adverse cardiovascular events
(MACE) via explicitly estimating traditional CVD risk
factors. In our proposed novel algorithm, we aimed to
predict 10 CVD risk factors using a multitask learning
structure to capture the internal correlation among risk
factors and make predictions for individual risk factors

given only retinal images. Then the 5-year MACE risk is
estimated in the second stage. Through the first stage, we
can make a risk profiling that tells why an individual is
predicted to be in higher CVD risk.

METHODS

Dataset

Our dataset is acquired from UK Biobank (UKBB)
(https://www.ukbiobank.ac.uk/), which contains data
from 502419 UK participants (as of 23 October 2021).
We created a subset from the UKBB dataset with 52297
patients that comes with the complete set of required attri-
butes and supplementary data, which includes age, sex,
smoking habits, systolic blood pressure (SBP), diastolic
blood pressure (DBP), hemoglobin Alc (HbAlc), high-
density lipoprotein (HDL) cholesterol, low-density lipo-
protein (LDL) cholesterol, triglycerides, body mass index
(BMI) and presence of diabetes, at least one retinal eye
image and MACE outcome. A diagram illustrates the
flow of data is shown in online supplemental figure 1.
We randomly split the dataset into 3:1:1 as training set
(n=31403), validation set (n=10420) and testing set
(n=10474). There are 327 (1.04%), 119 (1.14%) and
132 (1.26%) incident MACE in the training, validation
and testing set, respectively. The risk score distribution
for Pooled Cohort Equation, Framingham Risk Score,
SCORE and SCORE 2 is shown in online supplemental

Table 1 Summary of characteristics of patients in the UK Biobank dataset

Train Validate Test
Number of patients 31403 10420 10474
Number of images 61554 20392 20503
Age, years 56.9 (8.2) 56.7 (8.2) 56.6 (8.2)
Gender (%, male) 46.3% 46.1% 46.2%
Body mass index, kg/m? 27.4 (4.7) 27.3 (4.8) 27.4 (4.8)
Systolic blood pressure, mm Hg 139.9 (19.7) 139.8 (19.7) 139.7 (19.4)
Diastolic blood pressure, mm Hg 81.9 (10.7) 81.9 (10.7) 81.8 (10.6)
Haemoglobin A1c, mmol/mol 36.1 (6.6) 36.3 (6.9) 36.2 (7.2)
High-density lipoprotein cholesterol, mmol/L 1.48 (0.39) 1.48 (0.39) 1.48 (0.39)
Low-density lipoprotein cholesterol, mmol/L 3.53 (0.86) 3.52 (0.86) 3.53 (0.86)
Triglycerides, mmol/L 1.68 (0.96) 1.67 (0.96) 1.68 (0.97)

Current smoker (%)

Number of diabetes (%)

Number of MACE in 5 years (%)
SCORE (5 years) %; median (IQR)
SCORE (10 years) %; median (IQR)
SCORE 2 (10 years) %; median (IQR)

Pooled Cohort Equation (10 years) %; median (IQR)
Framingham Risk Score (10 years) %; median (IQR)

Values are presented as mean (SD) or median (IQR).
MACE, major adverse cardiovascular events; SCORE, Systematic COronary Risk Evaluation.

2971 (9.46%)
1743 (5.55%)

327 (1.04%)

0.590 (0.187-1.31)
1.62 (0.557-3.43)
3.92 (2.21-6.03)
3.56 (1.62-7.16)
11.29 (6.43-18.36)

1030 (9.89%)

603 (5.79%)

119 (1.14%)

0.57 (0.180-1.30)
1.57 (0.536-3.39)
3.93 (2.22-6.19)
3.56 (1.60-7.52)
11.32 (6.42-19.05)

1067 (10.19%)
596 (5.69%)

132 (1.26%)

0.57 (0.183-1.25)
1.65 (0.544-3.29)
3.92 (2.23-6.07)
3.59 (1.64-7.27)
11.35 (6.50-18.81)
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figure 2. The code to implement the Cohort Equation,
Framingham Risk Score, SCORE and SCORE 2 algorithm
is available in online supplemental codes 1-4.

Definition of MACE

To define MACE outcome, we follow the instruction
from McQueenie ef al'® to extract 5-year incident MACE
based on the definition of stroke and myocardial infarc-
tion hospitalisation event data. In brief, the International
Classification of Diseases, 10th revision mortality codes:
‘T100-178’, ‘G45’, ‘G451-G454’, ‘G456’, ‘G458, ‘G459’ and
‘G460-G468’ are used to identify the MACE occurrence in
the dataset within 5-year range. A summary of the charac-
teristics of patients in the dataset is shown in table 1.

Proposed MAGCE prediction models and comparisons to the six
state-of-the-art algorithms

XMACE model

We propose XMACE’ model which is a two-stage DL
model that takes a retinal image as input and estimates
CVD risk factors in the first stage and then predicts MACE
outcome based on the estimated CVD risk factors in the
second stage (figure 1A).

The first stage of the XMACE model is a multitask learning
model equipped with an ImageNet pretrained ResNet'” as
a backbone to estimate 10 CVD risk factors (age, gender,
smoking habits, BMI, SBP, DBP, HbAlc, HDL cholesterol,
LDL cholesterol and triglycerides) from a retinal fundus
image. The retinal images are centre cropped, resized to
480x480 resolution and then augmented with a series of
random transformations. The ResNet backbone outputs
a 512x1 vector, which is used as an intermediate layer that
connects to 10 independent multilayer perceptron modules
to estimate risk factors. This structure has advantage of
reducing the risk of overfitting by an order of N, where N is
the number of tasks."* Given that the CVD risk factors are not

CVD risk factors

ResNet
Backbone

10x512

ResNet50 1x512

Image

Stage 1 Stage 2

10 x 1 vector

A

Figure 1

Fully > E
Connected

strictly independent, they are correlated with each other in
some degree. In this proposed model, a sophisticated inter-
mediate layer can capture such correlation from the mult-
task training and using it to improve the overall estimation
performance.

The second stage of the XMACE model consists of two
fully connected layers for binary 5-year MACE classifica-
tion based on estimated CVD risk factors from the first
stage. To visualise the attention region in the image, we
deployed a modified version of IGOS algorithm.'

Our model is trained with 4 Tesla V100 32G GPUs with
a batch size of 256. The learning rate is set to 0.001 for the
first 10 epochs, then reduced to 0.0001 for the additional
50 epochs. The momentum is set to 0.9. The binary cross-
entropy (BCE) loss is used to evaluate the gender, smoke
habits and MACE prediction. Mean squared error loss is
applied to evaluate the rest of the CVD risk factors. Due
to the heavy imbalance of our dataset, a weighting func-
tion is applied to the BCE losses. The training process
is conducted in two steps. The multitask learning in the
first stage was trained first, then we freeze its weight and
continue to train the MACE classification model in the
second stage.

XMACE+ model

We additionally built extended version of XMACE for
comparison, namely ‘XMACE+’, to fully use information
from both retinal and 10 actual CVD risk factors. XMACE+
usesa retinal image to estimate 10 risk factors in the first
stage, which are then combined with actual CVD risk
factors. We acquire the pretrained RestNet backbone and
modify it to output 512x1 vector V,. Similarly, the CVD
risk factors from the UKBB dataset are input into a fully
connected layer to create a 512x1 vector V,. These two
vectors V, and Vg are concatenated to form a new 1024x1

ResNet50

512x1 4024 x1

ResNet
Backbone

‘ ’ 1x1
E
MACE

yes/no

B

CVD risk factors

(A) Diagram of XMACE: two-stage MACE prediction network structure. (B) Diagram of XMACE+: MACE prediction

network structure with both image and CVD risk factor as inputs. BMI, body mass index; CVD, cardiovascular disease; DBP,
diastolic blood pressure; HbA1c, haemoglobin Alc, HDL, high-density lipoprotein; LDL, low-density lipoprotein; MACE, major

adverse cardiovascular events; SBP, systolic blood pressure.
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vector V,, followed by a fully connected layer with 256
neurons and a binary classification layer.

Patient and public involvement

This study was conducted under the UKBB project,
with written informed consent obtained from all partic-
ipants. Patients were not involved in the development
of the research question, the design of the study or the
outcome measures. Consequently, the research was not
directly informed by patients’ priorities, experience or
preferences. The allocation of patient data into training,
validation and testing sets was done randomly after
data collection, without direct patient involvement. As
the intervention did not impose any significant burden
on patients, there was no assessment conducted by the
patients themselves regarding the burden. The deidenti-
fied results of this study are publicly released, and there
is no specific plan for direct dissemination to the study
participants. Finally, since patients were not involved in
the recruitment, conduct or advisement of this study, no
patient advisers were acknowledged in the contributor-
ship statement or acknowledgments.

Comparison against six state-of-the-art Algorithms in MAGE
prediction

Our proposed models of XMACE and XMACE+ were
compared with the six state-of-the-art algorithms, namely,
SCORE, PCE,'® Framingham Risk Score, a logistic regres-
sion model, a neural network model and a retinal image-
based end-to-end DL model by Poplin et al.'’ Detailed
model descriptions are presented below. SCORE and
the Framingham Risk Score are the two most widely used
methods to conduct cardiovascular risk estimation, and
we use them as a baseline. The logistic regression and

neural network models are adopted in our comparison as

they are two of the most widely used statistical methods.

The retinal image-based end-to-end DL model was imple-

mented based on the structure proposed by Poplin et al.

1. SCORE: SCORE is a large-scale study that is based on
12 European cohort studies with 250000 patients and
approximately 3million person-years of observation.
There are 7000 fatal CVD events observed in the data-
set. The SCORE conducts CVD risk assessment based
on gender, age, LDL, HDL, triglycerides, SBP and
smoking status. The model parameters for low-risk re-
gion are selected as the UKBB dataset is from the low-
risk region. Additionally, we also included the SCORE
2'" model in our comparison.

2. PCE: The PCE are used to estimate a person’s 10-year
risk of developing atherosclerotic CVD. PCE conduct
CVD risk assessment based on gender, age, LDL, HDL,
SBP, diabetic status, race and smoking status. In our
experiment, we set all race to Caucasian for UKBB
dataset.

3. Framingham Risk Score: Framingham Risk Score ap-
plies Cox proportional hazards regression to evaluate
the risk of developing a first CVD event in 8491 Fram-
ingham study participants who attended a routine ex-
amination between 30 and 74 years of age and were
free of CVD. It incorporates age, total and HDL cho-
lesterol, SBP, treatment for hypertension, smoking and
diabetes status as risk factors in the calculation. In our
case, the UKBB dataset does not have information on
treatment for hypertension, so all patients are assumed
to be hypertension free.

4. Logistic regression: the standard logistic regression is
applied in this work, where the input are 10 CVD risk

+3

55.2% (54.5%-55.8%)
+10

47 1% (46.4%-47.8%)

+5
41.9% (41.2%-42.6%)

+0.5
44.5% (43.8%-45.2%)
46.7% (46.0%-47.4%)

+0.3
60.0% (59.4%-60.7%)

+3
55.0% (54.3%-55.7%)
55.1% (54.4%-55.8%)

Table 2 10 cardiovascular disease risk factors estimated from the retinal image
Risk factors Accuracy (%)
Age (years) +1

19.8% (19.2%-20.3%)
SBP (mm Hg) +5

24.7% (24.1%-25.3%)
DBP (mm Hg) +3

25.8% (25.2%-26.4%)
LDL (mmol/L) +1.0
Triglycerides (mmol/L) 75.8% (75.1%-76.3%)

81.6% (81.1%-82.1%)
HDL (mmol/L) +0.1

21.8% (21.2%-22.4%)
BMI (kg/m?) +5
HbA1c (mmol/mol) 78.3% (77.7%-78.8%)

77.4% (76.8%-78.0%)
Smoke 89.8% (89.4%-90.2%)
Gender 79.6% (79.0%-80.1%)

+5

78.3% (77.7%—-78.8%)
+15

65.3% (64.7%-66.0%)

+10
72.2% (71.6%-72.8%)

+0.3
27.4% (26.8%-28.0%)
28.2% (27.6%-28.9%)

+0.5
84.7% (84.2%-85.1%)

+1
19.9% (19.3%-20.4%)
20.7% (20.1%-21.2%)

BMI, body mass index; DBP, diastolic blood pressure; HbA1c, haemoglobin A1c; HDL, high-density lipoprotein; LDL, low-density lipoprotein;

SBP, systolic blood pressure.
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factors from the UKBB dataset and the output is the
incident MACE binary label.

5. Neural networks: a neural network with two linear lay-
ers is implemented with 512 neurons in the hidden
layer. It takes 10 CVD risk factors as input and gives a
binary classification result of incident MACE.

6. Retinal image-based end-to-end DL model: Poplin et
al suggested that the inception network can be used
to estimate MACE. Following the information provid-
ed in Poplin’s work, we implemented a 27-layer incep-
tion network." The input resolution is 299x299 with
a batch size of 256. The learning rate is set to 0.001
for the first 10 epochs, then it is changed to 0.001 for
the additional 50 epochs. The momentum is set to 0.9.
The BCE loss is used for training, where a weighting
function is applied to adjust the imbalance label distri-
bution in the dataset.

Statistical analysis for model evaluation

We conducted three statistical analysis to compare with
the state-of-the-art algorithms. We conducted two sets of
evaluations. The first evaluation focuses on measuring the
accuracy of our XMACE model’s risk factor estimation.
The second evaluation is the MACE prediction perfor-
mance comparisons between our models and the state-
of-the-art algorithms, where the area under the receiver
operating characteristic curve (AUC) and its 95% CIs are
calculated as performance metrics. The 95% CI is calcu-
lated based on 2000 bootstrap samples. We calculated
Net Reclassification Index (NRI) and Integrate Discrimi-
nation Index (IDI) to evaluate the performance between

risk prediction models.” NRI evaluates the improvement
in prediction performance gained by adding a marker to
a set of baseline predictors. The pairwise value of positive
or negative and total NRI shows relationships between
different methods. IDI measures the change of the
discrimination slope. It is basically the sum of integrated
sensitivity and integrated specificity.

RESULTS

Evaluation of risk factor estimation in the first stage in the
XMACE model

We followed an approach to Poplin e al'’ in terms of
error margin setting. The estimation performance is
shown in table 2. In terms of age, it achieved 5 years of
error margin of 78.3% accuracy; smoke habit and gender
achieved 89.8% and 79.6% accuracy, respectively. The
distribution of ground truth versus estimated values can
be found in figure 1B, where the red diagonal line is
drawn to indicate that a prediction and its ground-truth
coincide. The red line goes through the area with the
highest density, which indicates errors in our model are
small. In the additional experiment using the blood vessel
mask with red, green and blue (RGB) images to explore
any potential gain with additional information, we found
that attaching the blood vessel binary mask to the RGB
image or replacing the blue channel did not improve the
estimation. More visualisation of the model can be found
in online supplemental figures 3 and 4.

Table 3 5-year MACE prediction model performance with or without blood test

Method Data used

Blood test

required AUC (95% CI)

Proposed models with blood test

SCORE Age, gender, LDL cholesterol, HDL cholesterol, triglycerides, Y 0.682 (0.640 to 0.719)
systolic blood pressure and smoking status

SCORE 2 Age, gender, total and HDL cholesterol, systolic blood Y 0.714 (0.674 to 0.753)
pressure, diabetes statues and smoking status

PCE Age, gender, total and HDL cholesterol, systolic blood Y 0.695 (0.656 to 0.73)
pressure, diabetes statues and smoking status

Framingham Risk Score Age, total and HDL cholesterol, systolic blood pressure, Y 0.689 (0.648 to 0.730)
treatment for hypertension, smoking and diabetes status

Logistic regression 10 CVD risk factors* Y 0.758 (0.729 to 0.784)

Neural network Y 0.763 (0.734 to 0.790)

XMACE+ 10 CVD risk factors*+end-to-end retinal image DL model Y 0.769 (0.742 to 0.795)

Proposed models without blood test
Retinal image End-to-end retinal image DL model following Poplin et a/'® N 0.662 (0.632 to 0.694)
XMACE Estimated 10 CVD risk factors* from the image N 0.738 (0.710 to 0.766)

*10 cardiovascular disease (CVD) risk factors: Age, gender, BMI, systolic and diastolic blood pressure, HbA1c, HDL cholesterol, LDL
cholesterol, triglycerides and smoking habits. The logistic regression and neural network used the same data source.

AUC, area under the receiver operating characteristic curve; BMI, body mass index; DL, deep learning; HDL, high-density lipoprotein; LDL,
low-density lipoprotein; MACE, major adverse cardiovascular events; PCE, Pooled Cohort Equations; SCORE, Systematic COronary Risk

Evaluation.
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Table 4 Model comparison

XMACE versus retinal

image-based model

(Poplin et al)'°

XMACE versus neural

network

XMACE versus

Framingham Risk Score logistic regression

XMACE versus XMACE versus

SCORE 2

XMACE versus
SCORE

0.107 (-0.016, 0.221)

~0.328 (~0.438, -0.219)

~0.447 (-0.550,
-0.328)

0.280 (0.166, 0.396) 0.099 (0.024, 0.212)

0.289 (0.171, 0.401)

Net

Reclassification
Index (NRI)

positive

0.048 (0.034, 0.061)

0.359 (0.347, 0.373)

0.585 (0.573, 0.596)

0.428 (0.416, 0.441) 0.512 (0.499, 0.524)

0.709 (0.597, 0.825) 0.611 (0.488, 0.729)

0.416 (0.404, 0.428)
0.705 (0.590, 0.821)
14.94 (13.1, 16.9)

NRI negative
NRI total
Integrate

0.155 (0.035, 0.270)
4.12 (2.07, 6.40)

0.031 (~0.095, 0.157)

1.92 (~0.377, 3.89)

0.138 (0.032, 0.238)
1.34 (0.84, 3.28)

13.47 (11.4, 15.3)

14.62 (12.5, 16.9)

discrimination

index

SCORE, Systematic COronary Risk Evaluation.

Evaluation of XMACE prediction performance against the six
state-of-the-art algorithms

We compared our algorithm with six state-of-the-art algo-
rithms described in the previous section. Among the
models using 10 CVD risk factors based on blood test
(table 3), the score-based algorithms, SCORE, SCORE
2, PCE and Framingham Risk Score, achieved the AUCs
of 0.682, 0.714, 0.695 and 0.689, respectively. We found
that both logistic regression and neural network models
obtained higher AUC of 0.758 and 0.763 than the score-
based methods. Among the models using predicted 10
CVD risk factors, XMACE+, which additionally uses a
retinal image in the second stage, performed the best
with AUC of 0.769 (95% CI 0.742 to 0.795).

Our XMACE model (AUC 0.738, 95% CI 0.710 to
0.766) outperformed the model proposed by Poplin et
al’ (AUC 0.662, 95% CI 0.632 to 0.694) by a margin of
11.5% (95% CIs did not overlap). The NRI value shows
that SCORE, Framingham Risk Score and Poplin et al
model are overestimating 5-year MACE risk compared
with XMACE. The logistic regression and neural network
models’ total NRI and IDI values show higher similarity to
our XMACE model (shown in table 4).

DISCUSSION

Overall, XMACE+, the model using a retinal image and
measured 10 CVD risk factors, obtained the highest AUC
among all, which indicates the maximum performance
can be achieved when given both actual risk factor and
retinal image to the DL model. At the same time, we
found that XMACE, the mode using a retinal image as a
sole input, performed the best within the models without
using blood test results. Our results indicate the poten-
tial of using a DL model with retinal fundus images as
a tool for rapid, non-invasive MACE risk analysis. Our
XMACE model is purely based on retinal images; it first
estimates CVD risk factors to predict MACE. Our model
showed superior performance (0.738 AUC) over the
traditional score-based methods® ® 17 (0.682, 0.714 and
0.689 AUC, respectively) as well as the state-of-the-art DL
model proposed by Poplin et al.'’ (0.662 AUC). In terms
of cardiovascular CVD risk factors estimation from retinal
images, our model obtained 78.3% of age predictions fells
into the 5 years error margin; smoke habit and gender
prediction accuracy were 89.8% and 79.6%, respectively.
This is also consistent with previous studies that suggest
retinal imaging®®'**' contains information about cardio-
vascular CVD risk factors and MACE.

Our experiments also showed XMACE+ performed the
best; however, XMACE+ takesa retinal image and 10
actual risk factors as input. Meanwhile, XMACE requires
merely retinal imaging without any additional personal
information and blood tests. We consider this can fit into
a fast screening before doing blood tests. It has poten-
tial applications in senior homes, community centres and
local pharmacies as a non-invasive quick health moni-
toring tool. Another advantage of XMACE is its excellent
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interpretability. Our two-stage approach outputs CVD
risk factors in the first stage, which increased the explain-
ability to allow researchers to have some level of confi-
dence in the second stage MACE prediction. Figure 2
is an example of the retinal images and estimated CVD
risk factors. Even though each subject has similar 5-year
MACE risk, they have different risk profiles that require
matched personalised intervention for preventing CVD.
By explicitly estimating the interpretable CVD risk
factors, XMACE has the potential to generate lifestyle
recommendations to patients, which is shown in figure 3
(more examples can be found from online supplemental
figures 5-8). The classification of risk level is available in
online supplemental table 1.

Despite the promising results, our study has several
limitations. First, the UKBB dataset contains different
levels of image qualities. Similar to Poplin et al, we
deployed a simple algorithm to filter out low-quality
images. The source of low-quality images may be from
improper use of equipment or seniors with chronic
conditions deteriorated their retinal images. Future work
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could be creating an algorithm that identifies such low-
quality images caused by chronic conditions. Additionally,
tailoring an image enhancement algorithm for low-quality
images could be an interesting direction. The second
limitation is that some important CVD risk factors, such
as HbAlc, BMI and triglycerides, are missing from many
patients in the original UKBB dataset, which reduces the
number of available training data (out of 502k patients
in the UKBB dataset, only 52.3k patients satisfy the crite-
rial in this study). A semisupervised learning algorithm
can be applied in this situation that conducts training on
both labelled and unlabelled data. Using both labelled
and unlabelled, data will largely increase the pool of data
available for training, which potentially increases training
quality. There have been studies® demonstrating poten-
tial newer risk factors other than the traditional CVD risk
factors we used in this study. However, there has been no
consensus if they are good enough to improve the perfor-
mance in the clinical setting. Our experiments also found
lipids estimate accuracy is worse than age and blood
pressure which implies the lipids has higher volatility on
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Figure 2 Ground truth versus estimation on 10 risk factors; the colour indicates the density of samples. BMI, body mass
index; DBP, diastolic blood pressure; HbA1c, haemoglobin Alc, HDL, high-density lipoprotein; LDL, low-density lipoprotein;

SBP, systolic blood pressure.
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ypertension

Diabetes

Obesity
| medium high

Dyslipidemia

Smoking

Estimated (actual) results:
Age : 59.2 (56-60) years

DBP: 87.05 (83) mmHg

LDL: 3.50 (3.08) mmol/L

Trig: 1.51 (0.77) mmol/L

HDL: 1.67 (1.65) mmol/L
BMI: 27.58 (18.5-24.9) kg/m?
HbAlc: 40.35 (36.1) mmol/mol
Smoke habbit: No (No)
Gender: Female (Female)

5-year MACE risk : No (No)

Figure 3 Cardiovascular disease (CVD) risk profiling based
on the retinal image: a case with high risk of CVD due to
hypertension. BMI, body mass index; DBP, diastolic blood
pressure; HbA1c, haemoglobin A1c, HDL, high-density
lipoprotein; LDL, low-density lipoprotein; MACE, major
adverse cardiovascular events; SBP, systolic blood pressure.

person’s health conditions which is has less direct effect
on the retinal.

In summary, we have provided evidence that a DL
model with retinal image input may reveal hidden infor-
mation in the image that allows better MACE prediction
than traditional risk models while securing explainability
by providing estimated CVD risk profile. Our proposed
model coupled with a mobile retinal imaging device has
the potential to realise fast and simple CVD screening
that does not require blood test facilities. Further clinical
validation with a prospective cohort will secure our find-
ings in this context.

Author affiliations

"0saka University Institute for Datability Science, Suita, Japan

2Department of Ophthalmology, Osaka University Medical School, Suita, Japan
*Artificial Intelligence Center for Medical Research and Application, Osaka University
Hospital, Suita, Japan

*Public Health, Department of Social Medicine, Osaka University, Suita, Japan

Contributors YQ and RK contributed to the design and analysis of the study and
drafted and revised the manuscript according to other authors’ comments. LL, YN,
HN and KN contributed to the design of the study, made critical comments on the
manuscript and revised the paper critically. All authors approved the final version of
the manuscript. RK is responsible for the overall content as guarantor.

Funding This work was supported by Council for Science, Technology and
Innovation, Cross-ministerial Strategic Innovation Promotion Program, ‘Innovative
Al Hospital System’ (Funding Agency: National Institute of Biomedical Innovation,

3

Health and Nutrition, SIPAIH20D03). This work was also supported by JSPS
KAKENHI, grant number 19K10662.

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication Consent obtained directly from patient(s).

Ethics approval This study involves human participants. The UK Biobank obtained
ethics approval from North West—Haydock Research Ethics Committee (reference:
21/NW/0157/299116). Our study received ethics approval from the Research Ethics
Committee of the Osaka University Hospital (reference: 22234(T1)). Our study
followed the principles of the Declaration of Helsinki. Participants gave informed
consent to participate in the study before taking part.

Provenance and peer review Not commissioned; externally peer reviewed.

Data availability statement Data are available upon reasonable request. The UK
Biobank dataset was obtained from UK Biobank (application number 62399). Data
can be accessed from the UK Biobank under research agreement (https://www.
ukbiobank.ac.uk/enable-your-research/apply-for-access). Other researchers can
apply for UK Biobank data to answer specific research questions.

Supplemental material This content has been supplied by the author(s). It has
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been
peer-reviewed. Any opinions or recommendations discussed are solely those

of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and
responsibility arising from any reliance placed on the content. Where the content
includes any translated material, BMJ does not warrant the accuracy and reliability
of the translations (including but not limited to local regulations, clinical guidelines,
terminology, drug names and drug dosages), and is not responsible for any error
and/or omissions arising from translation and adaptation or otherwise.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which
permits others to distribute, remix, adapt, build upon this work non-commercially,
and license their derivative works on different terms, provided the original work is
properly cited, appropriate credit is given, any changes made indicated, and the use
is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/.

ORCID iD
Ryo Kawasaki http://orcid.org/0000-0002-7492-6303

REFERENCES

1 World Health Organization. Cardiovascular diseases (CVDs),
Available: https://www.who.int/news-room/fact-sheets/detail/
cardiovascular-diseases-(cvds)

2 Conroy R. Estimation of ten-year risk of fatal cardiovascular disease
in Europe: the SCORE project. Eur Heart J 2003;24:987-1003.

3 D’Agostino RB Sr, Vasan RS, Pencina MJ, et al. General
cardiovascular risk profile for use in primary care: the Framingham
Heart Study. Circulation 2008;117:743-53.

4 World Health Organization. Prevention of cardiovascular disease:
guidelines for assessment and management of cardiovascular risk.
Geneva, Switzerland: World Health Organization, 2007.

5 Cook NR, Paynter NP. Performance of reclassification statistics in
comparing risk prediction models. Biom J 2011;53:237-58.

6 Cheung CY, Xu D, Cheng CY, et al. A deep-learning system for the
assessment of cardiovascular disease risk via the measurement of
retinal-vessel calibre. Nat Biomed Eng 2021;5:498-508.

7 McGeechan K, Liew G, Macaskill P, et al. Prediction of Incident
Stroke Events Based on Retinal Vessel Caliber: A Systematic
Review and Individual-Participant Meta-Analysis. Am J Epidemiol
2009;170:1323-32.

8 McGeechan K. Meta-analysis: Retinal Vessel Caliber and Risk for
Coronary Heart Disease. Ann Intern Med 2009;151:404.

9 Kim YD, Noh KJ, Byun SJ, et al. Effects of Hypertension, Diabetes,
and Smoking on Age and Sex Prediction from Retinal Fundus
Images. Sci Rep 2020;10:4623:4623:.

Poplin R, Varadarajan AV, Blumer K, et al. Prediction of

cardiovascular risk factors from retinal fundus photographs via deep

learning. Nat Biomed Eng 2018;2:158-64.

11 Wong TY, Mitchell P. Hypertensive retinopathy. N Engl J Med
2004;351:2310-7.

12 McQueenie R, Nicholl Bl, Jani BD, et al. Patterns of multimorbidity
and their effects on adverse outcomes in rheumatoid arthritis: a
study of 5658 UK Biobank participants. BMJ Open 2020;10:e038829.

8

Qian'Y, et al. BMJ Open 2024;14:e078609. doi:10.1136/bmjopen-2023-078609

'salfojouyoal Jejiwis pue ‘Buiurel) |y ‘Buluiw erep pue 1xa1 01 palelal sasn Joj Buipnjoul ‘1ybluAdoos Agq paloslold

* (s3gv) Jnauadns juswaublasug
| ap anbiydeibollqig sousby 1e 5zoz ‘6 sunr uo jwod fwg uadolwqy/:dny woly papeojumod +20zZ 1890100 § U0 6098/0-£202-uadolwa/9eTT 0T Se paysiignd 1su1y :uado CINg


https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access
https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access
http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0002-7492-6303
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
http://dx.doi.org/10.1016/S0195-668X(03)00114-3
http://dx.doi.org/10.1161/CIRCULATIONAHA.107.699579
http://dx.doi.org/10.1002/bimj.201000078
http://dx.doi.org/10.1038/s41551-020-00626-4
http://dx.doi.org/10.1093/aje/kwp306
http://dx.doi.org/10.7326/0003-4819-151-6-200909150-00005
http://dx.doi.org/10.1038/s41598-020-61519-9
http://dx.doi.org/10.1038/s41551-018-0195-0
http://dx.doi.org/10.1056/NEJMra032865
http://dx.doi.org/10.1136/bmjopen-2020-038829
http://bmjopen.bmj.com/

3

13

14

15

16

17

18

He K, Zhang X, Ren S, et al. Deep residual learning for image
recognition. 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR); Las Vegas, NV, USA, 2016:770-8.

Baxter J. J.: A Bayesian information theoretic model of learning to
learn via multiple task sampling. Mach Learn 1997;28:7-39.

Qi Z, Khorram S, Li F. Visualizing deep networks by optimizing with
integrated gradients. 2. CVPR Workshops, 2019.

Yadlowsky S, Hayward RA, Sussman JB, et al. Clinical Implications
of Revised Pooled Cohort Equations for Estimating Atherosclerotic
Cardiovascular Disease Risk. Ann Intern Med 2018;169:20-9.
SCORE2 working group and ESC Cardiovascular risk collaboration.
SCORE2 risk prediction algorithms: new models to estimate
10-year risk of cardiovascular disease in Europe. Eur Heart J
2021;42:2439-54.

Szegedy C, Vanhoucke V, loffe S, et al. Rethinking the inception
architecture for computer vision. 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR); Las Vegas, NV, USA, 2016

19

20

21

22

Open access

Rim TH, Lee CJ, Tham Y-C, et al. Deep-learning-based
cardiovascular risk stratification using coronary artery calcium
scores predicted from retinal photographs. Lancet Dig Health
2021;3:e306-16.

Wong TY, Klein R, Sharrett AR, et al. Retinal arteriolar narrowing
and risk of coronary heart disease in men and women. The

Atherosclerosis Risk in Communities Study. JAMA 2002;287:1153-9.

Wong TY, Klein R, Klein BEK, et al. Retinal Vessel Diameters and
Their Associations with Age and Blood Pressure. Invest Ophthalmol
Vis Sci 2003;44:4644.

Alaa AM, Bolton T, Di Angelantonio E, et al. Cardiovascular

disease risk prediction using automated machine learning: A
prospective study of 423,604 UK Biobank participants. PLoS One
2019;14:e0213658.

Qian Y, et al. BMJ Open 2024;14:6078609. doi:10.1136/bmjopen-2023-078609

'salfojouyoal Jejiwis pue ‘Buiurel) |y ‘Buluiw erep pue 1xa1 01 palelal sasn Joj Buipnjoul ‘1ybluAdoos Agq paloslold

* (s3gv) Jnauadns juswaublasug
| ap anbiydeibollqig sousby 1e 5zoz ‘6 sunr uo jwod fwg uadolwqy/:dny woly papeojumod +20zZ 1890100 § U0 6098/0-£202-uadolwa/9eTT 0T Se paysiignd 1su1y :uado CINg


http://dx.doi.org/10.1023/A:1007327622663
http://dx.doi.org/10.7326/M17-3011
http://dx.doi.org/10.1093/eurheartj/ehab309
http://dx.doi.org/10.1016/S2589-7500(21)00043-1
http://dx.doi.org/10.1001/jama.287.9.1153
http://dx.doi.org/10.1167/iovs.03-0079
http://dx.doi.org/10.1167/iovs.03-0079
http://dx.doi.org/10.1371/journal.pone.0213653
http://bmjopen.bmj.com/

	Is cardiovascular risk profiling from UK Biobank retinal images using explicit deep learning estimates of traditional risk factors equivalent to actual risk measurements? A prospective cohort study design
	Abstract
	Introduction﻿﻿
	Methods
	Dataset
	Definition of MACE
	Proposed MACE prediction models and comparisons to the six state-of-the-art algorithms
	XMACE model
	XMACE+ model

	Patient and public involvement
	Comparison against six state-of-the-art Algorithms in MACE prediction
	Statistical analysis for model evaluation

	Results
	Evaluation of risk factor estimation in the first stage in the XMACE model
	Evaluation of XMACE prediction performance against the six state-of-the-art algorithms

	Discussion
	References


