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Background: Cataracts are a leading cause of blindness and visual impairment worldwide, affecting millions of people. Early detection and
accurate grading of cataracts are critical for timely intervention and improving patient outcomes. Artificial intelligence (Al), particularly deep
learning, has emerged as a powerful tool for automating the detection and grading of cataracts using color fundus photographs.

Methods: A systematic review and meta-analysis was undertaken in accordance with the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses guidelines; a thorough literature search through databases such as PubMed, IEEE Xplore, and Google Scholar was
conducted. The search parameters were restricted to studies published within the time frame of January 2020 to March 2025.

Results: A total of six studies were included in this systematic review and meta-analysis. Utilizing DTA meta-analysis, sensitivity ranged from
0.88 to 0.99, while specificity ranged from 0.89 to 0.99. Diagnostic Odds Ratio was estimated at 88.5, indicating that patients with cataracts
are nearly 89 times more likely to be correctly identified by the Al model than non-cataract patients being misclassified.

Conclusion: Al particularly deep learning, has made significant strides in detecting and grading cataracts using color fundus photographs.
The high accuracy, cost-effectiveness, and accessibility of Al models make them a valuable tool for improving cataract screening and man-
agement. As research continues to advance, Al has the potential to revolutionize cataract care, enabling early detection and timely interven-
tion for millions of people worldwide.
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Introduction

Cataracts are a significant global health concern, recog-
nized as a leading cause of vision impairment and blind-
ness, affecting millions of individuals annually. According
to the World Health Organization, cataracts account for
approximately 51% of all cases of blindness worldwide.[1]
Traditional cataract diagnosis typically requires in-person
evaluation by an ophthalmologist using specialized equip-
ment such as slit-lamp biomicroscopy. This requirement
presents substantial barriers to early detection and timely
treatment, particularly in regions with limited access to
specialized care. The high prevalence of cataracts and lim-
ited accessibility of diagnostic resources highlight the need
for more accessible screening methods.[2,3]

Color fundus photography (CFP) has become a poten-
tially useful resource for cataract screening because it is
more widely available than other eye imaging techniques.
Fundus cameras are easier to access in primary care envi-
ronments and demand less technical skill to use compared
to slit-lamp biomicroscopes.[4] This unparalleled accessi-
bility positions fundus photography as a powerful choice
for creating automated screening tools that can revolution-
ize cataract detection far beyond the confines of specialized
ophthalmology clinics.

* Correspondence to: Pande Komang Wahyu Pradana
E-mail: pandekomangi@gmail.com

The application of artificial intelligence (AI) in oph-
thalmology has grown rapidly in recent years, especially
in the fast-paced internet-based electronic devices usage,
with successful implementations for conditions including
diabetic retinopathy, age-related macular degeneration,
and glaucoma.[5] These applications illustrate the capac-
ity of Al to enhance clinical decision-making processes
and broaden screening functionalities. In the context of
cataracts, the previous ten years have witnessed substantial
progress in Al-driven techniques for the identification and
grading of this condition through the analysis of fundus
images.6 Hence, this literature systematically review the
usage and development of Al-based technologies based on
CFD, as a novel term in detecting cataract.

Methods

Literature search

A systematic literature review was conducted in accord-
ance with the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines, as rec-
ommended by Cochrane. The review involved a compre-
hensive search of three medical-scientific databases: Pub-
Med, ScienceDirect, and the Cochrane Library, covering
the period from January 2020 to March 2025. The search
strategy was developed using the Population, Intervention,
Comparison, and Outcomes (PICO) framework, as out-
lined in Table 1. MeSH terms and keywords employed in
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Table 1. Population, Intervention, Comparison, and Outcomes Search Strategy.

P (Population) Individuals with Cataracts

I (Intervention)

Use of Artificial Intelligence (Al) and deep learning models for automated detection and grading of cataracts using color fundus photographs

C (Comparison)  Gold Standart “Slit Lamp” Examination

O (Outcome)

Improvement in the accuracy and efficiency of cataract detection and grading, leading to timely intervention and better patient outcomes.

the search related to (AI[Title/Abstract] OR artificial intel-
ligence) AND (cataract[Title/Abstract]) AND ((detect*)
OR (screen*) OR (grad*)). Studies were included for anal-
ysis if they met the following inclusion criteria: published
in English, full-text availability, and publication date after
January 2020. Literature search according to PRISMA was
detailed in Figure 1.

Inclusion and Exclusion Criteria

Studies were included if they: (1) used Al to detect or grade
cataracts from fundus photographs; (2) reported diagnostic
performance metrics (sensitivity, specificity); (3) involved
human subjects; and (4) were cohort, cross-sectional, or
case-control studies. We excluded conference abstracts
without full texts, animal studies, review articles, cataract
congenital, and single case reports.
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Fig. 1. PRISMA flowchart
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Quality Assesment
The articles that passed the primary screening were then
reviewed by the two reviewers (PKP, IAP) individually.
Authors independently assessed the quality of the studies
according to the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) statement.
Quality Assessment of Diagnostic Accuracy Studies-2
(QUADAS-2) tool was applied for the risk of bias assess-
ment of the included studies. The QUADAS-2 scale con-
sists of 4 aspects for risk of bias including patient selection,
index test, reference standard, and flow & timing as well
as 3 domains for applicability concerns including patient
selection, index test, and reference standard. The risk of
bias was classified into 3 categories (i.e. low, high, and un-
clear risk bias). Studies with low quality or with evident
defects in design and procedure were excluded from this
review. All studies were in low to moderate risk of bias.
Any disagreements between the authors were resolved by
consensus.

Data Extraction

The following data were extracted: (1) the basic characteris-
tics of the included studies and participants, including the
methods, algorithms, databases, sample sizes, outcomes,
and procedures; (2) grading system, and; (3) the evalua-
tion indices of the algorithms, including the number of
true positive (TP), true negative (TN), false positive (FP),
and false negative (FP) outcomes as well as the accuracy,
and area under the curve (AUC).

When raw confusion matrix values (TP, FP, TN, FN)
were not reported, we estimated them based on the re-
ported sensitivity, specificity, total sample size, and disease
prevalence using standard diagnostic test formulas. To es-
timate TP, FP, TN, and FN values, we used the following
approach:

1. Estimate the number of actual positive and negative
cases based on reported or assumed disease prevalence:

Positives = N x Prevalence, Negatives = N - Positives

where N is the total sample size.

2. Apply the definitions of sensitivity and specificity:

Sensitivity = TP / (TP + FN) = TP = Sensitivity x
Positives

Specificity = TN / (TN + FP) = TN = Specificity x
Negatives

From these, the remaining values are derived as:

EN = Positives - TP,  FP = Negatives - TN

3. If prevalence was not explicitly reported, we assumed
a baseline prevalence of 50% for balanced datasets, un-
less otherwise inferred from the study text or confusion
matrix visualizations.

Weighted Metrics

To allow comparison across studies with varying prevalenc-

es, we also calculated weighted sensitivity and specificity as:
Weighted Sensitivity = (Sensitivity x (TP + FN)) / N
Weighted Specificity = (Specificity x (TN + FP)) / N

Statistical analysis

For the DTA meta-analysis, we utilize Meta Disc 2.0
(Cochrane Symposium, Barcelona, Spain). We performed
a bivariate random-effects meta-analysis to compute pooled
sensitivity, specificity, and generate a summary receiver op-
erating characteristic (SROC) curve. Forest plots were cre-
ated to visualize sensitivity and specificity across studies.
Heterogeneity was evaluated using between-study variance
estimates and correlation of logit-transformed sensitivity

and specificity.

Results

Study Characteristics

A total of six studies were included in this systematic re-
view and meta-analysis, spanning publication years from
2022 to 2024. These studies evaluated the diagnostic ac-
curacy of artificial intelligence (Al) algorithms in detect-
ing and grading cataracts using color fundus photographs.
Sample sizes ranged from 1,000 to 8,681 participants. All
studies used reference standards validated by ophthalmolo-
gists and implemented machine learning or deep learning
models.

Pooled Sensitivity and Specificity

Forest plots are presented in Figure 2 (sensitivity) and Fig-
ure 3 (specificity). Sensitivity ranged from 0.88 to 0.99,
while specificity ranged from 0.89 to 0.99. The highest
performance was observed in Lu et al (2022) and Xie et al,
reflecting the effectiveness of their Al models.[7,8]

Beyond pooled sensitivity and specificity, several sec-
ondary diagnostic indicators further support the accuracy
and clinical utility of Al for cataract detection:

The pooled sensitivity and specificity of Al-based detec-
tion of cataracts were derived from a bivariate random-
effects meta-analysis model:

- Pooled sensitivity (logit scale): 3.27 (corresponding to
a sensitivity of ~96%)

- Pooled specificity (logit scale): 2.81 (corresponding to
a specificity of ~94%)

- Between-study variance: 0.776 (sensitivity) and 0.647
(specificity)

- Correlation between logit sensitivity and specificity:
0.765

These values suggest a high level of diagnostic accuracy,
with strong discriminatory power across the Al algorithms.

- Diagnostic Odds Ratio (DOR): The DOR was esti-
mated at 88.5, indicating that patients with cataracts are
nearly 89 times more likely to be correctly identified by the
Al model than non-cataract patients being misclassified.
A DOR greater than 1 implies good discriminatory test
performance, and values above 20 are considered strong.

- Positive Likelihood Ratio (PLR): The pooled PLR was
16.85, meaning that a positive Al prediction is ~17 times
more likely in a patient with cataracts than without. This
value exceeds the threshold of 10, typically considered
strong evidence to rule in the diagnosis.
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Fig. 2. Forest plot of sensitivity across six included studies.
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Fig. 3. Forest plot of specificity across six included studies.

- Negative Likelihood Ratio (NLR): The pooled NLR
was 0.04, indicating that when the Al predicts absence of
cataracts, the probability of actual disease is very low. NLR
values <0.1 provide strong evidence to rule out disease.

Summary Receiver Operating Characteristic (SROC)
Curve

The hierarchical SROC curve is presented in Figure 4,
showing the balance between sensitivity and specificity
across studies. The summary point lies in the upper-left
quadrant, confirming excellent diagnostic performance.
The 95% confidence and predictive regions indicate mod-
erate inter-study heterogeneity.

Discussions

This systematic review and meta-analysis evaluated the
diagnostic performance of artificial intelligence (AI) in
detecting and grading cataracts using color fundus pho-
tographs. Across six eligible studies published between
2022 and 2024, the pooled sensitivity (96%) and speci-
ficity (94%) of Al models demonstrate strong diagnostic
accuracy, aligning with clinical expectations for screening
tools. These findings underscore the growing maturity of
Al systems—particularly deep learning-based convolu-

tional neural networks (CNNs)—as viable support tools
in cataract screening, especially in low-resource settings
where ophthalmologist access is limited.[12,13]

Performance across the included studies was consistently
strong, though variation was observed. Lu et al. (2022) and
Xie et al. (2022) achieved exceptional sensitivity and speci-
ficity values (0.99 and 0.98; 0.95 each), suggesting robust
model optimization and high-quality input data.7,8 In con-
trast, Elsawy et al. (2023), despite utilizing a much larger
and diverse dataset (n = 8,681), reported slightly lower per-
formance (sensitivity 0.88; specificity 0.89), likely reflect-
ing real-world challenges such as population heterogeneity
and labeling inconsistencies.2 This discrepancy underscores
a key point raised in recent ophthalmology literature: while
Al models often excel in controlled environments, real-
world generalization remains a critical hurdle.[14]

The bivariate meta-analysis confirmed moderate het-
erogeneity, with 12 values of 0.776 (sensitivity) and 0.647
(specificity). A strong correlation (r = 0.765) between logit-
transformed sensitivity and specificity suggests that high-
performing models tend to maintain balanced diagnos-
tic profiles. The hierarchical summary receiver operating
characteristic (HSROC) curve aflirmed overall diagnostic
strength, with a summary point located in the upper-left
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Fig. 4. HSROC curve from random-effects meta-analysis, showing
uncertainty regions and summary estimates.

quadrant and tight confidence bounds indicating consist-
ency. However, predictive region spread points to ongoing
challenges, such as image quality differences and varying
fundus camera protocols across studies.

Importantly, the review highlights that most in-
cluded studies utilized advanced CNNs like ResNet-50,
DenseNet1[21], and Inception-v3, which offer robust
feature extraction across diverse imaging conditions. As
noted in recent technical reviews, these architectures re-
main foundational in ophthalmic Al, although emerging
transformer-based models may offer improved context
modeling and generalizability.15 The growing interest in
attention-based models suggests future directions may in-
volve shifting from traditional CNNs to hybrid or trans-
former architectures.

Moreover, the exclusive use of color fundus photographs
offers significant advantages—non-invasiveness, accessibil-
ity, and compatibility with portable devices. Yet, studies
have shown that diagnostic confidence may be further im-
proved when combined with modalities like OCT, which
enhance posterior segment visualization and reduce false
negatives in early cataract or comorbid pathology detec-
tion.[16]

From an implementation standpoint, several limitations
persist. Most studies were retrospective and set in academ-
ic environments, with limited demographic diversity. Few
models provided visual interpretability outputs (e.g., sali-
ency maps), a limitation echoed in broader Al surgical lit-
erature.17 Additionally, model integration with electronic
health records (EHRs), clinician workflow, and regulatory
frameworks remains limited. These gaps, along with data
privacy and ethical concerns, must be addressed through
robust clinical trials and policy innovation.

Table 2. Data Extraction

Weight
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Grading System
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Finally, the diagnostic odds ratio (88.5), positive like-
lihood ratio (16.85), and negative likelihood ratio (0.04)
collectively suggest that Al systems not only perform well
statistically but also possess strong clinical utility in both
ruling in and ruling out cataract cases. In public health
contexts, particularly in underserved or high-volume re-
gions, Al can extend diagnostic reach through mobile
fundus cameras and teleophthalmology—enhancing early
detection and reducing preventable blindness.[18]

Limitation

A prevalent technical constraint is the absence of uni-
formity in the outcome metrics and validation methods
reported, complicating direct comparisons across studies
and leaving some uncertainty about whether the findings
of Al-driven techniques necessitate further validation by
ophthalmologists, despite demonstrating high AUC, spec-
ificity, and sensitivity. Nevertheless, we cannot overlook
the occurrence of technical inaccuracies, and no technol-
ogy surpasses the value of experience.

Conclusion

Artificial intelligence demonstrates excellent diagnostic
accuracy for detecting and grading cataracts using color
fundus photographs, with pooled sensitivity and specific-
ity exceeding 90%. These results support the implementa-
tion of Al-assisted tools in clinical and community-based
eye screening programs. Future research should focus on
prospective validation, algorithm transparency, and inte-
gration into clinical workflows to maximize impact and
ensure equitable access.
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