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ABSTRACT
Background/aims To investigate the feasibility and 
accuracy of using machine learning (ML) techniques on 
self- reported questionnaire data to predict the 10- year 
risk of cataract surgery, and to identify meaningful 
predictors of cataract surgery in middle- aged and older 
Australians.
Methods Baseline information regarding demographic, 
socioeconomic, medical history and family history, 
lifestyle, dietary and self- rated health status were 
collected as risk factors. Cataract surgery events were 
confirmed by the Medicare Benefits Schedule Claims 
dataset. Three ML algorithms (random forests [RF], 
gradient boosting machine and deep learning) and one 
traditional regression algorithm (logistic model) were 
compared on the accuracy of their predictions for the risk 
of cataract surgery. The performance was assessed using 
10- fold cross- validation. The main outcome measures 
were areas under the receiver operating characteristic 
curves (AUCs).
Results In total, 207 573 participants, aged 45 years 
and above without a history of cataract surgery at 
baseline, were recruited from the 45 and Up Study. 
The performance of gradient boosting machine (AUC 
0.790, 95% CI 0.785 to 0.795), RF (AUC 0.785, 95% CI 
0.780 to 0.790) and deep learning (AUC 0.781, 95% CI 
0.775 to 61 0.786) were robust and outperformed the 
traditional logistic regression method (AUC 0.767, 95% 
CI 0.762 to 0.773, all p<0.05). Age, self- rated eye vision 
and health insurance were consistently identified as 
important predictors in all models.
Conclusions The study demonstrated that ML 
modelling was able to reasonably accurately predict the 
10- year risk of cataract surgery based on questionnaire 
data alone and was marginally superior to the 
conventional logistic model.

INTRODUCTION
The combination of machine learning (ML) tech-
nology and big data has attracted considerable 
interests and has been adopted with great success 
in various research fields, including medicine, 
genomics, epidemiology and economics.1 2 Predic-
tive medicine provides clinicians with a familiar 
concept, through which they can look for related 
characteristics to identify high- risk subjects and 
corroborate with their diagnosis or prognosis. 
It is well believed that predictive medicine will 
mature with the development of big data and data 
modelling techniques, to the point that it will assist 

ophthalmologists in making clinical decisions and 
making itself a new tool for disease prediction.3

Cataract is the leading cause of visual impairment 
and blindness globally. The only effective treatment 
for cataract is surgery, which is the most commonly 
performed clinical procedure worldwide.4 With 
ageing of the population, the global burden of cata-
ract is projected to escalate substantially, and it is 
increasingly important to identify modifiable risk 
factors for cataract that requires surgery as targets 
for preventative measures. Older age, diabetes 
mellitus, ultraviolet radiation and steroid use have 
been widely reported as risk factors for cataract.5 6 
However, the impacts of other modifiable factors 
for cataract and cataract surgery, including phys-
ical activity, alcohol intake, obesity, diet and female 
reproductive factors, are inconclusive.7–9 Addi-
tionally, the generalisability of previous studies has 
been mostly limited by population- based data with 
limited sample size.

Conventional regression techniques are 
commonly used for constructing predictive models, 
which requires to select variables with priori 
assumptions based on data distribution during the 
development process, leading to potential loss of 
information.10 Although ML stands out as an effec-
tive and efficient technique for predictive medicine, 
few ML models exist for the prediction of cataract 
development, and to the best of our knowledge, 
there have been no mature prediction models for 
the risk of cataract surgery built on prospective 
cohort data collected over an extended period.11

Our study aims therefore to evaluate the perfor-
mance of different ML algorithms in comparison 
to the conventional logistic model for the predic-
tion of cataract surgery based on the prospective 
population- based study with 10 years of follow- up 
data in Australia.

MATERIALS AND METHODS
Participants
The Sax Institute’s 45 and Up Study is a large- scale 
prospective cohort study undertaken in New South 
Wales (NSW), Australia. Participants aged 45 and 
older were randomly sampled from the general 
population using the Services Australia (formerly 
the Australian Government Department of Human 
Services) Medicare enrolment database. In total, 
267 153 participants were recruited from 2006 to 
2009, corresponding to 11% of the entire NSW 
population of this age group. Each participant 
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completed a mailed self- administered questionnaire at the base-
line, capturing information on a broad range of demographic, 
socioeconomic, medical and lifestyle factors. These partici-
pants were also linked to a range of Australian health databases, 
including the Medicare Benefits Schedule (MBS) that tracks 
claims records for diagnostic tests and procedures and the Phar-
maceutical Benefits Scheme (PBS) that provides information on 
medications dispensed to the participants in the community, 
facilitated by the Sax Institute using a unique identifier provided 
by Services Australia. The method used to link records in the 
MBS and PBS is deterministic matching. The MBS data were 
available from 24 January 2001 to 31 December 2016, and 
the PBS data were available from 1 June 2004 to 31 December 
2016. Therefore, all procedures and medications received by the 
participants could be tracked from baseline to the end of 2016. 
The study methods have been extensively described in earlier 
studies.12 13

Participants without history of cataract surgery at baseline 
based on their responses to the baseline questionnaire and the 
MBS database records were included in the study. To ensure 
that only those with visually impaired, age- related cataract were 
captured in this study, we excluded cataract surgery performed 
for other causes such as congenital cataract, secondary cataract, 
and traumatic cataract and other conditions via MBS codes for 
juvenile cataract extraction, corneal surgery, scleral surgery, 
glaucoma procedures, vitreoretinal procedures and traumatic 
surgeries during the follow- up period (for further information, 
please refer to the online supplemental material 1).

Written informed consent was obtained from all participants 
for linkage of their information to routine health databases.

Predicting variables
In contrast with the previous epidemiological studies using 
biological data and ocular parameters that required ongoing clin-
ical investigations and examinations, ML algorithms used in this 
study were derived completely from the information obtained 
from the baseline questionnaire completed by the participants. 
All variables of this study were self- reported, which could be 
easily obtained from the participants, without examinations. The 
variables were classified into five categories: demographic char-
acteristics, chronic diseases/family history, lifestyle/dietary indi-
cators, self- rated health status and social support/psychological 
distress. The definition and the classification of each variable are 
detailed in the online supplemental material 1.

Outcome definition
The primary outcome was the first occurrence of cataract surgery 
for age- related cataract, which was defined as the corresponding 
MBS codes detailed in the supplemental material. Participants 
without MBS claims records of cataract surgery during the 
study period (up to 2016) were defined as persons who did not 
undergo cataract surgery.

Algorithms used for prediction
One traditional regression model and three state- of- the- art ML 
models (all available online) were constructed to predict the risk 
of cataract surgery, and their relative performance was compared. 
The frameworks of the models’ construction are illustrated in 
figure 1. In brief, the dataset was split into the training (60%) 
and the validation (40%) cohorts, with all models tuned using 
a 10- fold cross- validation. As a benchmark, a logistic regression 
model was employed to characterise the association between 
the predictor variables and the subsequent incidence of cataract 

surgery. Three ML models, including the gradient boosting 
machine (GBM), random forest (RF) and multilayer feedforward 
deep learning (DL) models, were used for predicting cataract 
surgery. Apart from the basic framework, the sensitivity analyses 
were performed by using the participants in cities as training 
set for models building, and the participants in regional/rural 
as validation set, considering the huge difference in lifestyle, 
socioeconomic status, diet, etc, between the populations (online 
supplemental figure 1).

Statistical analysis
The ML modelling was performed using R V.3.4.1 (R Program-
ming) with toolbox h2o V.3.16.0.2, while other statistical anal-
yses were performed using SAS V.9.4 (SAS Institute). Descriptive 
statistics, including frequencies and proportions, were used 
to characterise the study population. χ2 tests were performed 
for categorical variables to compare baseline characteristics of 
participants with and without claim records of cataract surgery. 
Poisson regression models with robust variance were used to 
evaluate associations of potential predictors with the risk of 
cataract surgery. Potential predictor variables were identified for 
each respective model and automatically ranked by information 
gain. The area under the receiver operating characteristic curve 
(AUC) was used to compare the performance of different models. 
A p value <0.05 was considered to be of statistical significance.

RESULTS
Participant selection and baseline characteristics
Among 267 153 participants recruited at baseline (2006–2009), 
59 580 were excluded due to cataract surgery performed for 
reasons other than age- related cataract, leaving 207 573 partici-
pants eligible for the final analysis (online supplemental figure 2). 
During the median 9- year follow- up period (range of 7.0–11.5 
years), 23 573 (11.4%) eligible participants had linked MBS 
claims for cataract surgery, and the remaining 184 000 (88.6%) 
participants had not claimed for cataract surgery. The eligible 
participants’ baseline characteristics were summarised in online 
supplemental table 1. There were 107 427 participants in cities 
and 100 146 in regional or rural regions, with significant differ-
ence in most variables at baseline (online supplemental table 2).

Figure 1 A general framework of the machine learning algorithm.
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Cumulative incident cataract surgery by gender and age 
groups
Overall, the cumulative incidence of cataract surgery was 11.4% 
during the follow- up period (figure 2). Cataract surgery inci-
dence increased steadily with age, with 5.31% of the participants 
aged 45–64 (younger age group) and 23.84% of participants 
aged ≥65 at baseline (older age group) requiring cataract surgery 
during the subsequent follow- up. This higher cumulative inci-
dence of cataract surgery with age was observed irrespective of 
gender; however, female participants had a higher cumulative 
incidence in both age groups during follow- up.

Prediction of cataract surgery risk with ML techniques
All predictive models demonstrated reasonably high predictive 
accuracy for cataract surgery (figure 3). In particular, the GBM 
achieved an AUC of 0.790 (95% CI 0.785 to 0.795), the highest 
among the four models, followed by RF (AUC 0.785, 95% CI 
0.780 to 0.790), deep learning (AUC 0.781, 95% CI 0.775 
to 0.786) and logistic regression (AUC 0.767, 95% CI 0.762 

to 0.773). The superior performance of the three ML models 
compared with the conventional logistic regression was statisti-
cally significant (all p<0.05).

The relative importance of the predictive variables in the logistic 
regression and ML models is summarised in online supplemental 
figure 3. As expected, all models consistently demonstrated age 
as the most important predictor for cataract surgery, contrib-
uting 30% (deep learning) to 95% (logistic regression) of the 
variance of their respective models alone. Health insurance was 
ranked as the second most important predictor in three models 
(deep learning, RF and logistic regression), explaining over 10% 
of the prediction variance in each model.

Sensitivity analysis (external validation)
When the prediction models were constructed based on partic-
ipants in city, the external validation of prediction models 
achieved similar results with the primary analysis, with AUC of 
0.768 for logistic model, 0.786 for RF model, 0.790 for GBM 
model and 0.782 for DL model. Both GBM and RF models had 
significantly better performance than logistic model (all p<0.05).

DISCUSSION
To date, systematic identification and ranking of predictors of 
cataract surgery have been unavailable for the middle- aged and 
elderly population in developed countries. Our study presents 
the first attempt to use data from a prospective population- based 
cohort to evaluate the performance of different ML models on 
risk prediction for cataract surgery and identify key predictive 
variables without reliance on ocular biometric data. Our results 
show that the 10- year risk cataract surgery could be adequately 
predicted through self- reported variables only. All models 
demonstrated reasonable performance, with AUCs ranging from 
0.767 to 0.790. The GBM and RF approaches outperformed the 
conventional logistic regression model and were well suited for 
accurate risk prediction of cataract surgery.

Accurate prediction of cataract surgery remains a major 
challenge in ophthalmic public health. Given the paucity of 
population- wide ocular biometric data, this study demon-
strates that employing ML models on self- reported question-
naire responses alone is sufficient to undertake this cataract 
surgery prediction. This mirrors the success of these predictive 
ML models in other areas of oncological, cardiovascular, and 
ophthalmic disease research, including studies that have accu-
rately predicted risks of high myopia, and improvement in 
prediction of visual acuity post- anti- vascular endothelial growth 
factor (VEGF) treatment.

Our study proved that ML methods, which took into account 
all available questionnaire- based risk factors for automatic eval-
uation and modelling, were more suitable for both individual 
risk prediction and population surveillance. The ML algorithms 
differ from conventional prediction techniques with its inde-
pendence of prior assumptions, which avoids the possibility to 
overlook the unexpected but significant variables, or to identify 
essential risks in patients with several marginal risk factors (or 
no risk factors at all).1 14 Another nature of ML algorithm lies 
in the minimum input in the developing model stage, which can 
seamlessly update and optimise with new data, thus leading to 
higher performance of the model over time. The risk of cataract 
surgery was also predicted by DL, which is the most advanced 
ML technique. DL plays an indispensable role in certain fields, 
such as image recognition, self- driving cars, Google DeepMind 
AlphaGo/AlphaZero and machine vision software in cameras.15–17 

Figure 2 Cumulative incidences of cataract surgery stratified by age 
and gender during follow- up.

Figure 3 Receiver operating characteristic curves for each cataract 
surgery prediction model. GBM, gradient boosting machine.
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However, the DL model did not exert higher performance than 
GBM model in predicting cataract surgery in this study.

There are both clinical and methodological implications 
from the study findings. From a clinical perspective, our study 
has shown remarkable robustness of ML models to accurately 
predict of cataract risk from a wide range of metrics from self- 
reported questionnaire data. Of note, most of metrics are demo-
graphic, socioeconomic and lifestyle factors that are amenable 
for targeted preventative measures. This may facilitate clinical 
identification of high- risk cataract surgical candidates, esti-
mation of future disease burden, as well as the application of 
preventative health measures by governments and health organ-
isations to guide targeted public health policies, and manage 
medical resource allocation.18

From a methodological standpoint, this study has proven the 
feasibility and superiority of ML models that take a comprehen-
sive list of predictive risk factors for automatic evaluation and 
modelling in predicting cataract surgery risk. The accumulation 
of electronic medical data in hospitals and the increasing avail-
ability of data collection methods (eg, wearable devices, online 
questionnaires) may pave the way for further future studies on 
risk prediction using ML methods on a larger dataset with more 
variables, a larger sample size, a longer follow- up period and 
more diverse populations.

This study’s strengths lie in its population- based prospective 
cohort design, large sample size, the availability of a compre-
hensive set of variables and its long- term follow- up. However, 
several limitations of this study should be noted as well. First, the 
definition of incident cataract surgery based on MBS in our study 
may be biased because the diagnosis of cataract is dependent on 
healthcare- seeking behaviour, coexisting diseases and accessi-
bility. Those who have a great concern about their health would 
tend to report the positive answer to the questionnaire and also 
gets the cataract surgery at the early stage of cataract formation. 
Second, the expected applications of ML models were not evalu-
ated in this study. For example, RNN or survCNN models were 
not used. Whether an objective ML algorithm without a prior 
hypothesis outruns the subjective but flexible human mind is a 
potential topic for future study.

CONCLUSIONS
Using extended 10- year follow- up data from the large- scale 
population- based 45 and Up Study, we have applied ML 
methods and established high accuracy risk prediction models 
for cataract surgery, based on non- clinical self- reported ques-
tionnaires. Future applications of ML- based prediction models 
using large datasets can facilitate powerful disease prediction 
tools and inform public health change at both individual and 
governmental levels.
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