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ABSTRACT

Introduction: Diabetic retinopathy remains a leading cause
of preventable blindness among individuals with type 2
diabetes mellitus and is driven by the increasing global
burden of diabetes. Early identification of individuals at high
risk is essential for timely intervention. In recent years,
artificial intelligence, including machine learning and deep
learning, has emerged as a promising approach for
prognostic modelling. However, evidence on artificial
intelligence—driven models for predicting diabetic
retinopathy risk remains fragmented. This systematic review
aims to synthesise current evidence on artificial
intelligence—driven prognostic models for predicting the risk
of diabetic retinopathy among individuals with type 2
diabetes mellitus, focusing on model characteristics,
predictor variables, performance, and validation strategies.

Materials and Methods: A comprehensive search of PubMed,
Scopus, Web of Science, and ScienceDirect was performed
for studies published between January 2016 and December
2025. Eligible studies included those applying artificial
intelligence—based models for diabetic retinopathy risk
prediction in adult populations with type 2 diabetes mellitus
and reporting model performance metrics. Data were
extracted and synthesised narratively, and methodological
quality was assessed using the Newcastle-Ottawa Scale.

Results: A total of 1040 records were identified, with eight
studies included after screening. A wide range of artificial
intelligence algorithms was applied, with ensemble models
such as extreme gradient boosting and random forest
demonstrating superior performance. Key predictors
consistently included glycated haemoglobin levels, duration
of diabetes, blood pressure, lipid profile, and renal function
markers, alongside emerging metabolomic biomarkers.
Model performance ranged from moderate to excellent, with
area under the receiver operating characteristic curve
values between 0.68 and 0.97. Most studies employed
internal validation techniques such as cross-validation or
training and testing data splits, while external validation was
largely absent. Overall methodological quality was high,

although variability in study design, predictor selection, and
reporting was observed.

Conclusion: Artificial intelligence—driven prognostic models
show substantial potential in predicting diabetic retinopathy
risk among individuals with type 2 diabetes mellitus,
particularly through the integration of clinical and high-
dimensional data. Despite promising predictive
performance, limitations in external validation,
heterogeneity, and reporting of clinical utility hinder
translation into practice. Future research should prioritise
external validation, standardised reporting frameworks, and
clinically interpretable models to enhance applicability in
real-world healthcare settings.
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INTRODUCTION

Diabetes mellitus (DM) represents a major global health
challenge, with an estimated 463 million people affected
worldwide in 2019 and projections indicating a rise to 700
million by 2045." Type 2 diabetes mellitus (T2DM),
characterized by insulin resistance alongside varying degrees
of B-cell dysfunction, accounts for approximately 90% of all
diabetes cases.” Among the most devastating microvascular
complications of T2DM, diabetic retinopathy (DR) remains a
leading cause of preventable blindness in working-age adults
globally.* The continuously climbing prevalence of T2DM has
led to a 67% increase in vision impairment and a 27%
increase in blindness attributable to DR from 1990 to 2010.*
Early detection and timely intervention are therefore
paramount in preventing the progression of DR to sight-
threatening stages, including severe non-proliferative
diabetic retinopathy (NPDR) and proliferative diabetic
retinopathy (PDR).

The pathogenesis of DR involves multiple factors, including
chronic hyperglycaemia, angiogenic factors, oxidative stress,
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hypertension, and hyperlipidaemia.* As DR progresses, the
development of new vessels leads to vitreous haemorrhage
and tractional membrane formation, which can result in
devastating deterioration of vision.® DR is classified according
to the International Classification of DR scale into stages: no
DR, mild NPDR, moderate NPDR, severe NPDR, and PDR,
with sight-threatening DR (STDR) defined as the combination
of severe NPDR and PDR.’

The emergence of artificial intelligence (AlI), particularly
machine learning (ML) and deep learning (DL), has
introduced transformative possibilities in diabetology and
ophthalmology.® Al is broadly defined as technology that
enables computers and machines to simulate human
intelligence and solve complex problems, encompassing
subdomains such as ML, programs that improve over time
with experience and DL, which uses artificial neural networks
and large datasets to tackle computationally complex
problems.” Within the field of endocrinology and diabetes,
DR is among the conditions for which there is the largest
body of evidence for the use of Al technologies in disease
detection, prediction, and risk assessment.™

While substantial research has focused on Al-based
diagnostic systems for DR primarily through automated
retinal image analysis, there is a growing body of literature
on Al-driven prognostic models that aim to predict the risk of
developing DR or its progression in patients with T2DM.
These prognostic models leverage clinical, demographic,
biochemical, genetic, and imaging data to stratify patients by
risk, enabling targeted preventive interventions." This
systematic review aims to comprehensively synthesize the
current evidence on Al-driven prognostic models for
predicting the risk of DR in individuals with T2DM,
examining the methodologies employed, and the
performance metrics achieved.

MATERIALS AND METHODS

This systematic review was conducted following the 2020
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines.' This review was registered on
the PROSPERO platform (CRD420251271494).

Search strategy

A comprehensive literature search was conducted in PubMed,
EMBASE, Scopus, Web of Science, and ScienceDirect between
5 January 2026 and 30 January 2026 to identify relevant
studies published between 1 January 2016 and 31 December
2025. The search strategy was developed using a
combination of controlled vocabulary, including Medical
Subject Headings (MeSH) in PubMed and Emtree terms in
EMBASE, together with free-text terms related to DR, T2DM,
Al, ML, DL, prognostic modelling, risk prediction, and
predictive analytics.

To maximise the sensitivity and comprehensiveness of the
search, various synonyms, spelling variations, truncation
symbols, and Boolean operators were incorporated. Terms
related to DR included “Diabetic Retinopathy,” relevant
MeSH and Emtree terms, and retinopathy-related keywords.
For the diabetes component, terms such as “Diabetes
Mellitus, Type 2,” “type 2 diabetes mellitus,” “type 2
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diabetes,” T2DM, and diabetes were used. The Al domain
included terms such as “Artificial Intelligence,” Al, “machine
learning,” “deep learning,” “neural networks,” and “artificial
neural networks.” To capture studies focused on prediction
and prognosis, additional terms included “prognosis,”
“prognostic modelling,” “prediction,” “risk prediction,” “risk
assessment,” “risk stratification,” “prediction models,”
“prognostic models,” “clinical prediction models,” “risk
scores,” and “prediction algorithms.”

These concepts were combined using Boolean operators to
identify studies that examined the application of Al and ML
techniques for predicting the risk or progression of DR among
individuals with T2DM. Search strategies were adapted for
each database according to their specific indexing systems
and search functionalities, including the use of MeSH terms
in PubMed and Emtree terms in EMBASE, to ensure optimal
retrieval of relevant records. The specific strategy applied for
each database is detailed in table I.

Eligibility criteria

This systematic review included original studies published
between January 2016 and December 2025 that evaluated
Al-driven prognostic or risk prediction models DR among
individuals with T2DM. Eligible studies involved adult
populations (218 years) with T2DM and assessed the
development or progression of DR as an outcome. Studies
were required to apply Al or ML techniques for risk
prediction, prognostic modelling, or stratification, and to
report at least one model performance metric such as area
under the receiver operating characteristic (AUROC) curve,
sensitivity, specificity, calibration, or related indicators.
Observational study designs (cohort, case-control, or cross-
sectional) and methodological/model development studies
were included, provided they were published in peer-reviewed
journals and written in English.

Studies were excluded if they did not focus specifically on
T2DM populations or did not evaluate DR as a primary or
clearly defined outcome. Articles that used Al solely for
image-based detection, screening, or classification of existing
DR without a prognostic or risk prediction component were
excluded, as were studies lacking sufficient methodological
detail or reporting no model performance metrics. Non-
original articles such as reviews, systematic reviews, meta-
analyses, editorials, conference abstracts without full texts,
case reports, and letters were also excluded. In addition,
studies involving animal models, paediatric populations,
gestational diabetes, or type 1 diabetes mellitus were not
considered, as well as publications outside the specified date
range or not available in English.

Study selection

Following the database searches, all retrieved records were
imported into reference management software (e.g. Endnote)
and duplicates were removed. Two independent reviewers
(M.M.S.T. and T.R.R.) screened titles and abstracts against
eligibility criteria. Full text articles of potentially relevant
studies were retrieved and assessed for final inclusion.
Disagreements were resolved through discussion or
consultation with a third reviewer (M.R.I.) when consensus
could not be reached.
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Data extraction

Data extraction was conducted using a standardized, pilot-
tested form (e.g., Endnote) to ensure consistency and
completeness across included studies. Two reviewers
(M.M.S.T. and T.R.R.) independently extracted key
information, including study characteristics (first author,
publication year, country, study design, and sample size),
population details, and outcome definitions related to DR.
Detailed information on the Al models was also collected,
including the type of algorithm used, input variables or
predictors, model development approach, and validation
methods (internal and/or external validation). In addition,
performance metrics such as AUROC curve, sensitivity,
specificity, accuracy, calibration measures, and other
relevant indicators were extracted.

Risk of bias assessment

The methodological quality and risk of bias of the included
studies were assessed using the Prediction Model Risk of Bias
Assessment Tool (PROBAST). PROBAST was selected because
it is a validated and widely recommended instrument
specifically developed for evaluating diagnostic and
prognostic prediction model studies, including those
incorporating Al and ML approaches.” Unlike generic quality
assessment tools designed for observational studies, PROBAST
provides a structured framework to assess potential sources of
bias that may affect the development, validation, and
performance of prediction models. The tool evaluates four
key domains: participants, predictors, outcome, and analysis,
encompassing a total of 20 signalling questions. Each
domain was rated as having low, high, or unclear risk of bias,
and an overall risk of bias judgement was subsequently
assigned for each study. Two reviewers (M.M.S.T. and T.R.R.)
independently performed the assessment, and any
disagreements were resolved through discussion and
consensus with a third reviewer (M.R.I).

Data synthesis

A narrative synthesis approach was undertaken due to the
anticipated heterogeneity in study designs, Al algorithms,
predictor variables, outcome definitions, and reporting of
performance metrics across the included studies. Extracted
data were systematically organised into structured tables and
synthesised according to key domains, including study
characteristics, types of Al models, predictor variables, and
model performance. The findings were analysed thematically
to identify common patterns in model development
approaches, frequently used predictors, and variations in
predictive performance (e.g., discrimination and calibration).
Comparisons were made across studies to highlight
differences in algorithm performance, validation strategies
(internal versus external), and clinical applicability.

RESULTS

Study selection and characteristics

A total of 1040 studies were retrieved from the databases and
screened based on predefined criteria. After removing
ineligible records, 537 studies remained for title and abstract
screening. A total of 61 studies progressed to full-text
screening. Studies were further evaluated for relevance,
methodological quality, and outcome reporting during this
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phase. After final appraisal, eight studies were included in
this review (Figure 1).

The included eight studies all published between 2016 and
2025, reflecting the growing application of Al in prognostic
DR. The studies were predominantly conducted in Asia and
Europe, with a mix of retrospective cohort, cross-sectional,
and secondary data analyses. Sample sizes varied
substantially, ranging from a few hundred participants to
large-scale datasets exceeding 30,000 individuals, indicating
variability in study power and generalisability. The findings
of the included studies were systematically synthesised and
summarised into four key domains namely Al model
characteristics, predictor variables, model performance, and
validation strategies, to facilitate structured comparison and
critical interpretation of the evidence. The key characteristics
of these studies are outlined in table II.

AI model characteristics

Across the eight included studies, a wide range of Al and ML
algorithms were applied, with a clear dominance of
ensemble-based methods, particularly extreme gradient
boosting  (XGBoost). Multiple studies consistently
demonstrated the use of advanced algorithms such as
XGBoost, random forest (RF), support vector machine (SVM),
artificial neural networks (ANN), and gradient boosting
models, reflecting a shift from traditional statistical models
toward more flexible, data-driven approaches.”'** Notably,
explainable artificial intelligence (XAI) techniques, including
Explainable Boosting Machine (EBM) and Shapley Additive
exPlanations (SHAP), were increasingly integrated to
enhance interpretability and clinical relevance of model
outputs.”* These approaches allowed not only prediction but
also identification of key contributing features, facilitate
clinical decision-making in routine screening and public
health programmes.*

Predictor variables

The predictor variables across studies showed a consistent
pattern, combining traditional clinical risk factors with
emerging biochemical and metabolomic markers. Classical
predictors such as duration of diabetes, HbAlc, blood
pressure, lipid profile, and body mass index were frequently
identified as important determinants of DR risk.”"*® Some
studies quantified these associations using effect estimates,
for example, insulin use (OR 3.561) and increasing duration
of diabetes (OR increase 9.3% per year).16 In addition, newer
studies incorporated advanced predictors such as renal
function markers (eGFR, creatinine), lipid-related indicators,
and metabolomic biomarkers (e.g., tryptophan, tyrosine),
reflecting the increasing use of high-dimensional data in Al
modelling.”* However, most studies relied on feature
importance  rankings rather than conventional
epidemiological measures such as adjusted hazard ratios,
limiting direct interpretability.

Model performance

Model performance varied across studies but generally
demonstrated moderate to excellent predictive ability.
Ensemble learning methods, particularly XGBoost,
consistently achieved superior discrimination, with AUROC
values ranging from 0.68 to 0.97 depending on dataset size
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Table I: Primary search strings used in each database

Database

Search Strategy

PubMed

EMBASE

Scopus

Web of Science

ScienceDirect

("Diabetic Retinopathy"[MeSH] OR "diabetic retinopathy" OR retinopath*) AND ("Diabetes Mellitus, Type
2"[MeSH] OR "type 2 diabetes mellitus" OR "type 2 diabetes" OR T2DM) AND ("Artificial Intelligence"[MeSH] OR
"artificial intelligence" OR Al OR "machine learning" OR "deep learning" OR "neural network*" OR "artificial
neural network*") AND ("Prognosis"[MeSH] OR prognos* OR predict* OR "risk prediction" OR "risk assessment"
OR "risk stratification" OR "prediction model*" OR "prognostic model*" OR "clinical prediction model*" OR
"risk score*" OR "prediction algorithm*")

(‘diabetic retinopathy'/exp OR 'diabetic retinopathy' OR retinopath*) AND ('type 2 diabetes mellitus'/exp OR
'type 2 diabetes mellitus' OR 'type 2 diabetes' OR T2DM) AND ('artificial intelligence'/exp OR ‘artificial
intelligence' OR 'machine learning'/exp OR 'machine learning' OR 'deep learning' OR 'neural network*' OR
‘artificial neural network*') AND (‘prognosis'/exp OR prognos* OR predict* OR 'risk prediction' OR 'risk
assessment' OR 'risk stratification' OR 'prediction model*' OR 'prognostic model*' OR 'clinical prediction model*'
OR 'risk score*' OR 'prediction algorithm*')

(("diabetic retinopathy" OR retinopath*) AND ("type 2 diabetes mellitus" OR "type 2 diabetes" OR T2DM) AND
("artificial intelligence" OR Al OR "machine learning" OR "deep learning" OR "neural network*" OR "artificial
neural network*") AND (prognos* OR predict* OR "risk prediction" OR "risk assessment" OR "risk stratification"
OR "prediction model*" OR "prognostic model*" OR "clinical prediction model*" OR "risk score*" OR
"prediction algorithm*"))

(("diabetic retinopathy" OR retinopath*) AND ("type 2 diabetes mellitus" OR "type 2 diabetes" OR T2DM) AND
("artificial intelligence" OR Al OR "machine learning" OR "deep learning" OR "neural network*" OR "artificial
neural network*") AND (prognos* OR predict* OR "risk prediction" OR "risk assessment" OR "risk stratification"
OR "prediction model*" OR "prognostic model*" OR "clinical prediction model*" OR "risk score*" OR
"prediction algorithm*"))

("diabetic retinopathy" OR retinopath*) AND ("type 2 diabetes mellitus" OR "type 2 diabetes" OR T2DM) AND
("artificial intelligence" OR Al OR "machine learning" OR "deep learning" OR "neural network*" OR "artificial
neural network*") AND (prognos* OR predict* OR "risk prediction" OR "risk assessment" OR "risk stratification"

"prediction algorithm*")

OR "prediction model*" OR "prognostic model*" OR "clinical prediction model*" OR "risk score*" OR

and model complexity."*"”"* High-performing models also
reported strong accuracy, sensitivity, and specificity, with one
study achieving an AUROC of 0.97 alongside balanced
precision and recall metrics."* Larger cohort-based studies
demonstrated robust performance with AUROC values above
0.80, highlighting the advantage of large datasets in
improving model generalisability.” In contrast, studies with
smaller sample sizes or limited predictors reported more
modest performance, indicating variability influenced by
study design and data quality.*

Validation strategies

Validation approaches across the included studies were
predominantly internal, with limited use of external
validation. Most studies employed techniques such as k-fold
cross-validation, train-test split, or three-way data
partitioning to assess model performance and reduce
overfitting."'* Some cohort studies incorporated temporal
validation using follow-up data, which provided a stronger
assessment of predictive performance over time.”® However,
external validation using independent datasets was largely
absent, representing a significant methodological limitation.
Additionally, while internal validation was commonly
performed, calibration and clinical utility assessments were
infrequently reported, limiting the evaluation of real-world
applicability of these models.”

Risk of bias assessment

Overall, the risk of bias assessment using the PROBAST tool
indicated that six of the eight studies have a high overall risk
of bias, primarily due to concerns within the analysis domain
(Table III). Common methodological limitations included
reliance on internal validation only, inadequate assessment
of model calibration, potential overfitting arising from small
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sample sizes relative to model complexity, and insufficient
reporting of model development procedures. Two studies were
judged to have a low overall risk of bias because they
employed large cohort datasets and incorporated stronger
validation approaches, including temporal or external
validation. Across all studies, the participants, predictors, and
outcome domains were generally assessed as having low risk
of bias, reflecting appropriate population selection, clearly
defined predictors, and well-established DR outcomes.
Applicability concerns were considered low for all included
studies because the study populations, predictors, and
outcomes were consistent with the review objective of
evaluating Al-driven prognostic models for predicting DR risk
among adults with T2DM.

Certainty of evidence assessment

The certainty of evidence was assessed using the Grading of
Recommendations Assessment, Development and Evaluation
(GRADE) approach adapted for prognostic model research.
The assessment considered five key domains, namely risk of
bias, consistency, directness, precision, and publication bias,
while also taking into account methodological heterogeneity
and the extent of external validation reported across studies.
Evidence was downgraded when serious concerns were
identified, particularly regarding risk of bias and
heterogeneity. Overall, the certainty of evidence was judged
to be moderate (Table IV). Although the included studies
consistently demonstrated that Al-driven models,
particularly ensemble learning approaches such as XGBoost,
RF, and gradient boosting methods, achieved moderate to
excellent predictive performance for DR risk prediction
among individuals with T2DM, several limitations reduced
confidence in the overall evidence.
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Table Ill: Summary of reporting bias of included studies using PROBAST

No Authors (Year) Participants | Predictors Outcome Analysis | Overall Risk of Bias |Applicability Concerns

1 Yagin et al. (2023)" Low Low Low High High Low

2 Kotsiliti et al. (2017)* Low Low Low High High Low

3 Tsao et al. (2018)™ Low Low Low High High Low

4 Rosu et al. (2024)"” Low Low Low High High Low

5 Zhao et al. (2022)" Low Low Low Low Low Low

6 Li et al. (2021)" Low Low Low High High Low

7 Jiang & Li (2024)* Low Low Low High High Low

8 Kim et al. (2025)* Low Low Low Low Low Low

Table IV: Summary of certainty of evidence assessment

Domain Assessment | Justification

Risk of Bias Serious Several studies demonstrated methodological limitations, particularly in the analysis domain,
including reliance on internal validation, inadequate calibration assessment, and potential overfitting.

Consistency Not Serious Most studies consistently reported moderate to excellent predictive performance, with artificial
intelligence models demonstrating acceptable to high discrimination ability.

Directness Not Serious | All included studies directly evaluated artificial intelligence-driven prognostic models for predicting
DR risk among adults with type 2 diabetes mellitus.

Precision Not Serious Most studies included adequate sample sizes and reported performance metrics with acceptable
precision.

Publication Bias | Undetected No clear evidence of publication bias was identified; however, formal assessment was not feasible due
to the limited number of studies.

Heterogeneity Serious Substantial heterogeneity was observed in study populations, predictor variables, artificial intelligence
algorithms, outcome definitions, and validation approaches.

External Serious Only a minority of studies performed temporal or external validation, limiting confidence in the

Validation generalisability of the models.

Overall

Certainty of Moderate The evidence consistently supports the potential of artificial intelligence-driven prognostic models for

Evidence predicting DR risk; however, methodological limitations, heterogeneity, and limited external
validation reduced the overall certainty of evidence.

Most studies were retrospective in design and relied
predominantly on internal validation techniques, with only
a limited number incorporating temporal or external
validation. Considerable heterogeneity was observed across
studies with respect to study populations, predictor variables,
Al algorithms, outcome definitions, and reported
performance metrics. Furthermore, several studies were
judged to have a high risk of bias in the analysis domain
based on the PROBAST assessment, particularly due to
concerns regarding overfitting, calibration assessment, and
insufficient reporting of model development procedures.
Nevertheless, the consistency of findings across different
settings and populations, together with generally favourable
discrimination performance, supports a moderate level of
confidence that Al-driven prognostic models can effectively
predict DR risk among adults with T2DM. Further large-scale
prospective studies with external validation are required to
increase the certainty of the evidence and support wider
clinical implementation.

DISCUSSION

This systematic review synthesises the findings of the present
studies on Al-driven prognostic models for DR among
individuals with T2DM, with a focus on interpreting their
methodological, predictive performance, and clinical
relevance. The included studies demonstrate a growing shift
toward the use of advanced ML algorithms and high-
dimensional data to improve early risk stratification of DR.
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However, despite promising performance metrics, there
remains considerable heterogeneity in model development,
predictor selection, and validation approaches. This section
critically integrates the evidence across the key domains of Al
model characteristics, predictor variables, model
performance, and validation strategies, highlighting both the
strengths and limitations of current approaches while
situating the findings within the broader context of
translational applicability and public health impact.

AI model characteristics

The landscape of AI models applied to DR prediction and
prognosis encompasses a broad spectrum of algorithmic
approaches. ML algorithms, including logistic regression,
decision trees, naive Bayes classifiers, random forests, SVMs,
and gradient boosting machines, have been widely employed
for structured clinical data analysis.”® DL models, particularly
convolutional neural networks (CNNs), represent the
dominant approach for image-based DR detection and
progression prediction.” Specific architectures that have been
applied include Inception-v3, ResNet, VGG-16, VGG-19, and
deep neural networks (DNNs).* Transfer learning, whereby
models pre-trained on large natural image datasets are fine-
tuned on medical images, has been a particularly effective
strategy for overcoming limited training data availability.*

Previous study demonstrated that DNN models consistently

outperformed five traditional ML models such as logistic
regression, decision tree, naive Bayes, RF, and SVM across all
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Fig. 1: Flowchart of the study selection process

evaluation metrics for predicting DR in patients with T2DM.*
More recently, code-free DL (CFDL) or automated ML
(AutoML) platforms have emerged as innovative tools that
allow clinicians with limited coding experience to prototype
novel clinical AI applications, demonstrating promising
potential in DR care, including for DR progression prediction
over time from ultra-wide-field images.27 Most of the study
designs underlying Al model development for DR prediction
are retrospective. The predominance of retrospective designs
raises concerns about the generalizability of findings, as
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prospective validation in real-world clinical settings remains
limited.”

Predictor variables

A consistent set of clinical and demographic predictor
variables has been identified across multiple studies as being
significantly associated with DR risk and progression. HbAlc
has consistently emerged as one of the most significant
predictors of DR. Previous study employed SHAP SHapley
Additive exPlanations (SHAP) analysis to interpret their DL
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model's predictions and found that HbAlc was one of the
most significant predictors, with SHAP values validated
against clinical reference standards for feature importance in
DR.” Another study done found that HbAlc was significantly
associated with DR, reinforcing its central role in prediction
models.” Furthermore. the Al model developed in another
study in 2025 similarly identified higher HbAlc levels as a
risk factor for DR.*

Diabetes duration is another critical predictor, with longer
duration consistently associated with increased DR risk
because it reflects cumulative exposure to chronic
hyperglycaemia. Persistent hyperglycaemia over time
activates multiple pathogenic pathways, including the polyol
pathway, formation of advanced glycation end-products
(AGEs), activation of protein kinase C (PKC), and oxidative
stress, which collectively contribute to retinal microvascular
damage and endothelial dysfunction.” These mechanisms
lead to structural alterations such as thickening of the
capillary basement membrane and breakdown of the blood-
retinal barrier, ultimately resulting in retinal ischemia and
microaneurysm formation thereby increasing the likelihood
of DR onset and progression.*

Al-specific methodological biases

In addition to conventional sources of bias encountered in
prognostic model research, several Al-specific methodological
biases were evident across the included studies and may have
influenced the reported predictive performance. First, the
widespread reliance on retrospective datasets and internal
validation approaches increases the risk of model overfitting,
whereby algorithms learn dataset-specific patterns that may
not generalise to external populations. Second, many studies
employed complex ML algorithms with limited transparency
regarding feature selection, hyperparameter optimisation,
and model tuning procedures, potentially introducing
reproducibility and reporting bias. Third, algorithmic bias
may arise from imbalances in patient characteristics, disease
prevalence, ethnicity, healthcare utilisation patterns, or
predictor distributions within the development datasets,
resulting in systematic differences in model performance
across populations.

Furthermore, several studies prioritised discrimination
metrics such as AUROC and accuracy while providing limited
assessment of calibration, model stability, and fairness,
creating the risk of overly optimistic interpretations of
predictive performance. The heterogeneity of predictor
selection, outcome definitions, and data preprocessing
methods across studies also introduces variability that may
affect model transportability and external validity.
Importantly, the limited use of explainable Al techniques
restricts understanding of the underlying decision-making
processes of complex algorithms, thereby reducing clinician
trust and interpretability.” Collectively, these Al-specific
methodological challenges highlight the need for greater
adherence to emerging reporting and evaluation frameworks
to improve transparency, reproducibility, fairness, and
generalisability of future Al-driven prognostic models for DR
prediction.
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Model performance

The performance of Al models for DR prediction is typically
evaluated using several standard metrics. The AUROC is the
most commonly reported discriminative metric.34 Additional
metrics include sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), accuracy, F1
score, and for continuous outcomes, mean absolute error
(MAE) and R2’ For instance, recently published study
reported that for all microvascular complications combined,
predictive models achieved a mean c-statistic of 0.79 on
internal validation and 0.72 on external validation.*
Notably, DR models showed more modest performance
compared to diabetic kidney disease models, which had the
highest discrimination with c-statistics.

Apart from that, study done in China demonstrated that their
DNN model outperformed traditional ML models for DR
prediction, achieving accuracy of 0.778, F1 score of 0.776,
and AUROC of 0.833, compared to logistic regression
(accuracy 0.753, AUROC 0.822), decision tree (accuracy
0.630, AUROC 0.631), naive Bayes (accuracy 0.718, AUROC
0.769), random forest (accuracy 0.758, AUROC 0.829), and
SVM (accuracy 0.776, AUROC 0.831).25 Furthermore,
another study done reported that Gaussian naive Bayesian
models accurately predicted diabetic complications including
DR with an average AUROC of 0.86, while their expert-
selected model achieved an average AUROC of 0.84 with 21
curated variables.”® A critical concern in AI model
performance is the variability observed across different
populations and settings.

Validation strategies

Internal validation methods are essential for assessing model
performance during development and for mitigating
overfitting. The most commonly employed internal
validation strategies include split-sample (hold-out)
validation, cross-validation (k-fold, nested), bootstrapping,
and temporal validation.*® For example, internal validation
methods was classified into into split-sample, bootstrapping,
cross-validation, and temporal validation, noting that studies
using temporal validation were categorized as internal
validation regardless of how the studies labelled them.**
Cross-validation, particularly k-fold cross-validation, has
been widely adopted. For instance, a study done in China, the
authors validated their model performance using 10-fold
cross-validation.” This approach reduces the effective sample
size available for developing the model compared to
bootstrap and cross-validation procedures.*

External validation is widely recognized as a crucial step in
establishing the generalizability and clinical applicability of
Al prediction models. External validation is defined as the
testing of Al on a new set of data entirely separate from the
training dataset, noting it as a crucial step demonstrating
that an AI model can work in patients and populations
external to the development population.” In their scoping
review of Al for DR in low-income and middle-income
countries, they found that only 43 studies (52%) met their
definition of external validation. Prospective validation
represents the gold standard for demonstrating real-world
clinical utility. For example, a previous study conducted a
prospective pilot study with 3,081 patients to demonstrate the
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broader applicability of their Al system at the "point-of-care"
using fundus images captured with smartphones.*

Clinical utility of Al-driven prognostic models

From a clinical and public health perspective, these models
can support the early identification of individuals at elevated
risk of developing DR before the onset of clinically detectable
retinal changes, thereby enabling timely implementation of
preventive interventions, optimisation of glycaemic and
cardiovascular risk factor control, and prioritisation of
ophthalmological surveillance.” This is particularly relevant
given the growing burden of T2DM and the limited capacity
of healthcare systems to provide universal intensive retinal
screening. By stratifying patients according to their predicted
risk, Al-driven prognostic models may enable more efficient
allocation of healthcare resources through risk-based
screening strategies, whereby high-risk individuals undergo
more frequent monitoring while lower-risk individuals are
screened at longer intervals. Such an approach has the
potential to improve cost-effectiveness, reduce unnecessary
healthcare utilisation, and enhance patient outcomes
without compromising safety.* Furthermore, the integration
of these models within electronic health record systems could
facilitate automated risk estimation at the point of care,
supporting clinicians in shared decision-making and
personalised treatment planning.

Future research direction

Future research should prioritize large-sample, multicentre
external validation to address the pervasive high risk of bias
identified across existing prediction models. Researchers
should develop multimodal models integrating retinal
imaging with clinical data, as hybrid approaches consistently
enhance predictive performance. Apart from that, future
research should also develop dynamic prediction models that
can be updated with new patient data over time, enabling
continuous risk reassessment and personalized screening
intervals. The integration of longitudinal data from
electronic health records, continuous glucose monitoring,
and serial retinal imaging could enable truly personalized DR
management strategies.

LIMITATIONS

Several limitations should be considered when interpreting
the findings of this review. First, there was substantial
heterogeneity across the included studies in terms of study
design, population characteristics, types of Al algorithms,
predictor variables, and outcome definitions, which
precluded quantitative synthesis and limited direct
comparability of results. Second, most studies relied on
retrospective or cross-sectional data with predominantly
internal validation approaches, while external validation
using independent datasets was largely lacking, raising
concerns about the generalisability and real-world
applicability of the models. Third, reporting of model
performance was inconsistent, with a primary focus on
discrimination metrics (e.g., AUROC) and limited assessment
of calibration and clinical utility. Finally, many studies
utilised ML-based feature importance rather than
conventional epidemiological effect estimates such as
adjusted hazard ratios, restricting interpretability from a
clinical perspective.
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CONCLUSION

This systematic review demonstrates that Al-driven
prognostic models show considerable promise in predicting
the risk of DR among individuals with T2DM, with several
studies reporting moderate to high predictive performance,
particularly for ensemble algorithms such as XGBoost. These
models consistently integrate both traditional clinical risk
factors and emerging high-dimensional biomarkers,
reflecting a shift toward more precise and data-driven risk
stratification. However, despite encouraging results, the
current evidence is limited by methodological heterogeneity,
reliance on internal validation, and insufficient reporting of
calibration and clinical utility, which constrain their
translation into routine practice. Future research should
prioritise standardised reporting, robust external validation,
and integration of clinically interpretable models to enhance
reliability and facilitate adoption in real-world healthcare
settings, ultimately supporting early detection and
prevention of DR.
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