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Abstract

This systematic review and meta-analysis evaluates the performance of artificial
intelligence (AI)-based models for predicting the onset and progression of refrac-
tive error (RE) in children and adolescents and quantitatively synthesizes their
prediction accuracy. The study was preregistered in the PROSPERO database
(CRD420251075160) and conducted in accordance with PRISMA guidelines.
MEDLINE (via PubMed), Web of Science and Scopus were searched without
time restrictions. Eligible studies involved children and adolescents (<18 years) and
applied Al-based technologies to predict the onset or progression of RE, using
non-image-based input data. To evaluate the prediction accuracy of the included
studies, a meta-analysis was performed. Quality assessment was conducted using
the PROBASTHALI tool. Sixteen studies were included in the analysis. All studies
evaluated myopia, two additionally addressed hyperopia and none focused on
astigmatism. Most models predicted continuous SE values across the refractive
spectrum, whereas a subset focused on classification-based outcomes, such as
myopia onset or progression. Included studies used diverse input data, includ-
ing age, gender and parental myopia. Eight studies comprising 18 independent
evaluations were included in the meta-analysis. The pooled root-mean-squared
error (RMSE) for spherical equivalent prediction was 0.50 D (95% confidence
intervals: 0.37-0.62). Between-study heterogeneity was substantial (#=0.0695,
P=100%), indicating major differences across models. This high heterogeneity
reflects substantial differences in study populations, prediction targets and hori-
zons, model architectures and validation strategies across included studies, and
therefore, the pooled estimate should be interpreted as an average across diverse
settings rather than a directly generalizable performance measure. Leave-one-out
sensitivity analyses demonstrated that no single study materially influenced the
pooled effect. Across all iterations, RMSE estimates ranged narrowly from 0.48
to 0.52 D, with confidence intervals overlapping the main analysis. The studies'
quality assessment showed mostly low concern, apart from the analysis domain,
in which 43.8% of studies were rated high risk. Al models using non-image-based
clinical data demonstrate moderate accuracy for predicting paediatric RE onset
and progression. However, substantial methodological heterogeneity and limited
external validation indicate that standardized development and validation frame-
works are required before clinical implementation.
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1 | INTRODUCTION

Refractive errors (REs) such as myopia, hyperopia
and astigmatism constitute one of the most prominent
causes of paediatric visual impairment worldwide (Cao
et al., 2022; Yekta et al., 2022), affecting approximately
12.8 million people aged 5 to 15years (Resnikoff
et al, 2008). REs can often go unnoticed, thus
significantly impacting school performance, social
development and overall quality of life (Martinez-Perez
et al.,, 2022; Rajabpour et al., 2024).

RE development in childhood is influenced by a com-
plex interplay of biometric, genetic and environmental
factors (Harb & Wildsoet, 2019; Zhang & Zou, 2024),
particularly in the case of myopia (Martinez-Albert
et al., 2023). Established risk factors include axial length
(AL), parental myopia and modifiable behaviours, such
as near work and limited outdoor activity (Martinez-
Albert et al., 2023; Williams et al., 2018). Because my-
opia often begins early in life and may progress to high
myopia with associated sight-threatening complications,
timely identification of children at increased risk is crit-
ical for effective prevention and management (Williams
et al., 2018).

Given the multifactorial nature of RE development,
particularly in childhood, artificial intelligence (AI)-
based prediction models, including traditional regres-
sion approaches as well as machine learning (ML) and
neural network—based methods (Choi et al., 2020), pro-
vide a framework for integrating diverse demographic,
biometric and environmental risk factors. By captur-
ing complex, non-linear relationships and interactions
among predictors, and in some cases modelling tem-
poral patterns in longitudinal data, these approaches
enable improved prediction of refractive outcomes
and facilitate early risk stratification in paediatric
populations.

Although several reviews have examined Al appli-
cations in RE research, these have largely focused on
adult populations or image-based approaches (Ampong
et al., 2025; Zhang & Zou, 2024). To our knowledge, no
prior study has systematically evaluated and quantita-
tively synthesized the predictive performance of Al-
based models for RE onset and progression exclusively
in children and adolescents using non-image-based
input data. Therefore, this systematic review and meta-
analysis aims to assess the performance of Al-based pre-
diction models for continuous paediatric REs (reported
as spherical equivalent [SE]) and to summarize the cur-
rent evidence regarding their potential clinical utility.

2 | METHODS

2.1 | Study design

Thissystematic review was registered with the International
Prospective Register of Systematic Reviews (PROSPERO;
registration number CRD420251075160) and conducted
in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guide-
lines (Page et al., 2021). The PRISMA checklist is provided

in the Supporting Information (Table S1). Given that the
study involved the analysis of already published data, eth-
ics approval was not required.

2.2 | Search strategy

A comprehensive search was conducted in the following
databases on 14 April 2025: MEDLINE (via PubMed),
Web of Science and Scopus. All databases were searched
using the following terms: “Artificial Intelligence,”
“Machine Learning,” “Deep Learning,” ‘“Neural
Network,” “Computer Vision,” “Refractive Errors,”
“Myopia,” “Hyperopia,” “Astigmatism,” “Refractive
Assessment,” “Refractive Progression,” “Axial Length,”
“Child” and “Pediatrics.” No time restrictions were
applied. The detailed search methodology for each
database is provided in the Supporting Information
(Table S2). Reference lists of the selected studies were
also screened manually. The search was conducted
independently by two reviewers (AS, TG).

2.3 | Eligibility criteria & study selection
Eligible studies were peer-reviewed observational (includ-
ing cohort) or interventional studies (i) involving children
and adolescents (<18 years of age), (ii) using Al-based tools
and technologies to predict the onset or progression of
REs, (iii) utilizing non-image-based input data, includ-
ing but not limited to AL, SE, age, sex, parental history,
biometric measures, visual acuity, pupil size, screen time
or clectronic health record data, (iv) reporting model
performance metrics (e.g. accuracy, sensitivity and speci-
ficity) and (v) published in the following languages, corre-
sponding to the authors' linguistic competencies: English,
French, German, Italian, Spanish and Greek. Animal or
lab-based studies, studies including only adult popula-
tions, non-peer reviewed publications and studies relying
exclusively on image-based Al approaches were excluded.

Retrieved records were imported into Rayyan
(Ouzzani et al., 2016) for title and abstract screening.
Two reviewers (AS and TG), masked to each other, in-
dependently screened the titles and abstracts. Duplicate
records were removed using Rayyan's deduplication fea-
ture prior to screening. No records were excluded by au-
tomation tools. Title-abstract and subsequently full-text
assessment was performed for eligible studies by the two
reviewers (AS and TG), with disagreements resolved by a
third reviewer (AN).

2.4 | Data extraction

Data from ecach eligible study were extracted using a
standardized data collection form. Extracted variables
included first author, year of publication, country of pub-
lication, country of dataset, data source (school, hospi-
tal, public or private), number of children and eyes, age
range, sex distribution, type of input data (baseline SE,
AL, age, sex, parental history, and other clinical or be-
havioural variables), type of REs (myopia, hyperopia,
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etc.), Definitions of REs, use of cycloplegia, reference
standard, Al task (classification, regression or progres-
sion prediction), Al type, Al algorithm, use of explainable
Al (XAI), internal validation method, training, valida-
tion and test datasets, external datasets, performance
metrics for internal validation and external validation,
and limitations as reported by the authors. Where SE was
included as an input variable, it referred to baseline RE
used as a predictor of future refractive status or progres-
sion, rather than the predicted outcome itself. Prediction
outcomes were categorized as either continuous (e.g. SE
prediction) or classification-based (e.g. myopia onset or
progression risk), and this distinction informed the quan-
titative versus qualitative synthesis approach. Data ex-
traction was performed independently by three reviewers
(AS, TG and AN), with final verification conducted by a
fourth reviewer (EM).

2.5 | Quality assessment

Quality assessment of the included studies was con-
ducted using the PROBAST+ALI tool for prediction mod-
els using regression or AI methods (Moons et al., 2025).
Each study was assessed independently by two reviewers
(AS and TG), with disagreements resolved by a third re-
viewer (AN). PROBASTHALI evaluates risk of bias across
four domains (participants and data sources, predictors,
outcomes and analysis) and applicability concerns across
three domains (participants, predictors and outcomes)
encompassing both model development and model eval-
uation phases.

2.6 | Statistical analysis

We performed a meta-analysis to evaluate the prediction
accuracy of the included studies. All studies included in
the meta-analysis, regardless of risk of bias, were retained
for quantitative synthesis, and sensitivity analyses were
performed to assess the influence of individual studies
on the pooled estimates.

The primary effect measure was the root-mean-
squared error (RMSE) of SE prediction in dioptres,
selected because it is a measure of absolute predic-
tion accuracy and is consistently reported or derivable
across most of the included studies. RMSE represents
the square root of the mean of squared prediction er-
rors; under the assumption of independent, normally
distributed residuals, RMSE has a well-defined sam-
pling distribution that permits construction of standard
errors and inverse-variance weighting across studies.
When studies reported mean absolute error (MAE) but
not RMSE, RMSE was estimated using the relationship
RMSE=MAE x(r/2), which follows from the expected
value of the absolute normal distribution and assumes
that prediction errors follow a normal distribution with
mean zero (Chai & Draxler, 2014; Rice, 2007). By pre-
serving the native dioptre scale and avoiding dependence
on prevalence, classification thresholds or scaling trans-
formations, RMSE allowed for meaningful comparison
across Al models.

[Acta Ophihaimolosica Ml

Although the included studies addressed both predic-
tion of continuous RE values and classification-based
outcomes (e.g. myopia onset or progression), substantial
heterogeneity in outcome definitions and performance
metrics precluded quantitative synthesis of classification-
based results. In contrast, SE prediction reported as
RMSE (or derivable from MAE) was the most consis-
tently available and comparable outcome across studies.
Therefore, the meta-analysis was restricted to continu-
ous SE prediction, while classification-based outcomes
were summarized qualitatively.

For each study or independent dataset (including dis-
tinct external validation cohorts within the same study),
a single RMSE estimate was extracted from the held-
out test set or external validation dataset. When stud-
ies reported performance across multiple independent
datasets or validation cohorts, each was included as a
separate evaluation in the meta-analysis. The standard
error of each RMSE was approximated using the ana-
lytic variance of the square root of a chi-square distribu-
tion, calculated as RMSE / v(2n), where n is the number
of eyes contributing predicted RE measurements.

A random-effects meta-analysis was performed to ac-
count for expected methodological heterogeneity among
studies. This approach models both within-study sam-
pling variability and between-study heterogeneity in the
true prediction error, yielding a pooled RMSE estimate
that reflects the average prediction performance across
diverse populations and modelling strategies. Between-
study heterogeneity was quantified using 7 and P statis-
tics. Ninety-five per cent confidence intervals (95% CI)
were calculated for the pooled effect to quantify uncer-
tainty around the mean prediction error. In addition, to
evaluate the influence of individual studies on the pooled
results, we performed a leave-one-out sensitivity analysis.

To explore potential sources of heterogenecity, we
conducted subgroup analyses stratified by (i) whether
studies used an external dataset for validation, (ii)
whether cycloplegic refraction was employed as the
reference standard, and (iii) whether RMSE was re-
ported directly or derived from MAE using the con-
version formula RMSE=MAE xy(x/2). Differences
between subgroups (i) and (ii) were formally tested
using meta-regression models. Subgroup analysis (iii)
served as a sensitivity analysis to assess whether the
MAE-to-RMSE conversion systematically influenced
the pooled estimate.

Forest plots were constructed to visualize study-
specific RMSE estimates and the pooled effect. All
analyses were performed in R (v4.4.0) using the metafor
package. A two-sided p-value of less than 0.05 was con-
sidered statistically significant.

3 | RESULTS

3.1 | Study selection

The database search identified 530 records, of which
285 remained after duplicate removal. Following title-
abstract and full-text screening, 16 studies (Artiemjew
etal.,2024; Barraza-Bernaletal., 2023; Huanget al., 2023;
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FIGURE 1
process of the review.

Lai et al., 2024; Li et al., 2022; Li, Tu, et al., 2024; Li,
Zeng, et al., 2024; Lin et al., 2018; Mu et al., 2024; Peng
et al., 2023; Qi et al., 2024; Varosanec et al., 2024; Wang
et al., 2022; Yang et al., 2020; Zhao et al., 2024; Zhu
et al., 2023) were selected as per the inclusion criteria.
Of these, eight studies (Artiemjew et al., 2024, Barraza-
Bernaletal., 2023, Huangetal., 2023, Li, Zeng, et al. 2024;
Lin et al., 2018, Varosanec et al., 2024, Zhao et al., 2024,
Zhu et al., 2023) were defined as appropriate to include
in our meta-analysis. The selection process is depicted in
the following flow chart as suggested by PRISMA 2020
(Page et al., 2021) (Figure 1).

3.2 | Study characteristics

A summary of demographic and other fundamental
information of the included studies can be found in
Table 1. The vast majority of articles primarily studied
myopia, with only two studying hyperopia and none
studying astigmatism. Included studies utilized a
variety of input data to train their algorithms, the
most common being age (69%), gender (56%), parental
myopia (50%), AL (44%), baseline SE (44%), cycloplegic
refraction (31%) and number of myopic parents (31%). In

Records removed before
screening:
Duplicate records
removed (n = 245)

Records excluded*™

Reports not retrieved
(n=0)

Reports excluded:
Ineligible outcome (n = 14)
Foreign language (n = 2)

Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 Flow Chart, depicting the selection

these studies, SE used as an input variable consistently
referred to baseline RE, which was incorporated as
a predictor of future SE values or RE progression.
More information can be found in the Supporting
Information (Table S3).

There was also notable heterogeneity concerning the
methodology that each study followed when applying
Al. As depicted in Table 2, a variety of both ML and
deep learning (DL) approaches were followed, includ-
ing logistic regression, random forest, and even more
complicated ensemble models and neural networks.
Prediction tasks varied across studies, with most fo-
cusing on myopia onset and progression over short or
long-term horizons. Explainability techniques were not
consistently applied across the included studies, with
only seven studies (Li et al., 2022, Li, Tu, et al. 2024;
Lin et al., 2018, Mu et al., 2024, Peng et al., 2023, Qi
etal., 2024, Zhao et al., 2024) (43.75%) applying SHapley
Additive exPlanations (SHAP) or feature-importance
plots. Internal validation methods encompassed mainly
k-fold cross-validation or fixed training—testing splits,
while only five (Li, Tu, et al., 2024; Li, Zeng, et al., 2024;
Lin et al., 2018; Peng et al., 2023; Qi et al., 2024) of 16
studies (31.25%) validated their models with external
datasets.
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3.3 | Quality assessment

Methodological quality of the included studies was as-
sessed using the PROBAST+AI tool (Table 3, Figure 2).
Across the 16 studies, there was consistently low concern
regarding the domains of participants, data sources, pre-
dictors and outcomes, with only two studies (Barraza-
Bernal et al., 2023; Zhu et al., 2023) showing a high risk
of bias in their study design and datasets during model
development, one of which (Zhu et al., 2023) also showed
a high risk of bias during model evaluation. However, the
analysis domain showed significant concerns across the
majority of studies, with 43.8% of included studies rated
as high risk during both model development and evalu-
ation, primarily due to inadequate handling of missing
data, class imbalance or model overfitting. Moreover, an
‘unclear’ rating in the analysis domain was noted dur-
ing model development for one quarter of the studies and
during model evaluation for half of the studies.

3.4 | Meta-analysis
A total of eight studies were included in the meta-analysis,
contributing 18 independent evaluations. The included
models were primarily developed to predict continuous
RE in SE, rather than exclusively myopia-specific out-
comes. Across datasets, the pooled RMSE for SE predic-
tion was 0.50 D (95% CI: 0.37-0.62) (Figure 3), indicating
moderate overall prediction accuracy across diverse Al
architectures and populations. Between-study heteroge-
neity was substantial (2=0.0695, I°=100%). These differ-
ences include variation in baseline RE distributions, age
ranges, prediction horizons, geographic location, and
whether models were internally or externally validated.
Importantly, despite high statistical heterogeneity,
sensitivity analyses demonstrated stable RMSE esti-
mates across leave-one-out iterations, suggesting that
the overall findings are robust to the exclusion of in-
dividual studies (Supporting Information, Table S4).
Across all iterations, RMSE estimates ranged narrowly
from 0.48 to 0.52 D, with 95% ClIs consistently over-
lapping the main analysis results. A further sensitivity
analysis stratified evaluations by whether RMSE was
reported directly or derived from MAE (Supporting
Information, Tables S5a-S5c¢). When restricted to
the seven evaluations reporting RMSE directly, the
pooled RMSE was 0.29 D (95% CI: 0.14-0.45; =0.041,
12:100%). When restricted to the 11 evaluations in
which RMSE was derived from MAE, the pooled RMSE
was 0.62 D (95% CI: 0.49-0.75; ©°=0.047, I*=99.9%).
Leave-one-out analyses within each subset confirmed
stability of the estimates, ranging from 0.23 to 0.32 D
in the direct-RMSE subset and from 0.60 to 0.67 D in
the converted-RMSE subset. The divergence between
subsets reflects clinical variation rather than a system-
atic conversion artefact: studies reporting RMSE di-
rectly reported lower prediction errors (0.13-0.32 D),
whereas studies requiring MAE conversion reported
higher prediction errors (0.51-0.82 D). Between-study
heterogeneity remained substantial in both subsets,
consistent with the primary analysis.

Use of an external validation dataset was associated
with a higher pooled RMSE (0.57 D vs. 0.35 D), although
this difference was not statistically significant (p=0.092)
(Supporting Information, Tables S6 and S7). However,
models using cycloplegic refraction as the reference
standard demonstrated a higher RMSE (0.62 D vs. 0.30
D), and this difference was statistically significant in
meta-regression (p=0.002) (Supporting Information,
Tables S6 and S7).

4 | DISCUSSION

This systematic review and meta-analysis demonstrates
that Al-based models using non-image-derived clinical,
biometric and demographic data can predict paediat-
ric RE onset and progression with moderate accuracy.
Across 16 studies, the pooled RMSE of approximately
0.50 dioptres suggests that AI methods are capable of
generating clinically meaningful predictions. This level
of performance was accompanied by substantial meth-
odological heterogeneity and persistent risks of bias in
analytical domains. Importantly, sensitivity analyses
confirmed that no single study exerted a disproportion-
ate influence on the pooled estimate, supporting the
robustness of the findings despite marked heterogene-
ity. However, the magnitude of heterogeneity limits the
interpretability of the pooled estimate and underscores
that model performance is highly context-dependent.

An important consideration is that, although the
broader objective of this review was to evaluate AI mod-
els predicting RE onset and progression, the quantita-
tive synthesis was limited to continuous SE prediction.
This reflects the lack of standardized reporting for
classification-based outcomes, such as myopia onset
or progression risk across studies. As a result, RMSE
captures the accuracy of predicting RE as a continuous
variable rather than discrete clinical events. While these
outcomes are related, they are not equivalent, and this
distinction should be considered when interpreting the
pooled estimates.

Several studies analysed data at the eye level without
accounting for intra-subject correlation from bilaterality
and since primary studies did not report the proportion
of participants contributing bilateral data or inter-cye
correlation in prediction errors, adjustment for within-
subject clustering was not feasible at the meta-analytic
level. This may have artificially narrowed study-level
confidence intervals; however, given that between-study
heterogeneity dominated the pooled estimate (I2 =100%),
the influence on the overall findings is likely limited.

From a clinical perspective, the observed prediction
accuracy is unlikely to support refractive prescription;
however, it appears well suited for screening and risk
stratification. Early identification of children at increased
risk of RE development or progression represents a po-
tential application of these models. By integrating rou-
tinely collected non-imaging clinical data, Al algorithms
may enable clinicians to classify children into low-, mod-
erate- or high-risk categories. Such stratification could
facilitate personalized follow-up schedules while reduc-
ing unnecessary visits for low-risk individuals.
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FIGURE 2 Stacked bar chart depicting the quality assessment of the included studies.

In health systems with limited access to paediatric
eye care, this targeted approach could help allocate re-
sources more efficiently, reduce the burden of undiag-
nosed REs and avoid late detection. Children identified
as being at elevated risk could benefit from timely life-
style interventions, including guidance on outdoor activ-
ity, near-work habits and screen exposure measures. Al
models could also guide early therapeutic interventions
aimed at slowing myopia progression, such as low-dose
atropine, peripheral defocus spectacle lenses or special-
ized contact lenses. These treatments have demonstrated
efficacy in children with established, progressing myo-
pia (Lawrenson et al., 2025; Maulvi et al., 2025); how-
ever, their use in children who have not yet manifested
clinically significant RE raises important ethical con-
siderations. Treating an anticipated condition, based on
probabilistic model output rather than manifest disease,
risks unnecessary exposure to treatment burden.

Compared with prior literature, this review addresses
a notable gap by focusing exclusively on paediatric pop-
ulations and non-image-based Al approaches. Previous
reviews and meta-analyses have primarily emphasized
adult cohorts (Ampong et al., 2025), limiting their appli-
cability to younger ages, where REs typically emerge and
progress. The predominance of myopia-focused studies
among the included articles reflects current epidemi-
ologic priorities but also highlights the relative neglect
of hyperopia and the complete absence of astigmatism-
focused Al prediction models, thereby limiting the com-
prehensiveness of current evidence. However, global
epidemiologic data show substantial and rising preva-
lence of myopia in children and adolescents worldwide,
supporting the notion that myopia is the dominant focus
in refractive research (Liang et al., 2025).

Substantial heterogeneity was observed across stud-
ies, reflecting wide variation in population character-
istics, input features, prediction targets and horizons
and Al methodologies. Geographic variation is also
relevant, as myopia prevalence and progression differ
between East Asian and Western populations. Models
developed in high-prevalence settings may not general-
ize to populations with different risk profiles, contrib-
uting to heterogeneity. Although geographic regions
may influence model performance, subgroup analysis

was not performed due to the small number of non-
Asian studies, limiting reliability. Prediction horizons
also varied considerably, ranging from short-term fore-
casts to longer-term progression estimates, which may
inherently affect prediction error. Stratified analyses
by prediction horizon were not feasible due to inconsis-
tent reporting and limited studies per category. An ad-
ditional source of heterogeneity relates to differences
in prediction targets across studies. While all studies
focused on myopia-related research questions, many
models were designed to predict continuous RE across
the full refractive spectrum, rather than specifically
predicting myopia onset or progression as discrete
outcomes. This distinction is important, as models
predicting SE capture overall refractive change, in-
cluding emmetropic and hyperopic ranges, whereas
classification-based models target clinically defined
myopia endpoints. Furthermore, methodological dif-
ferences, including the use of traditional ML versus
DL architectures, as well as differences in validation
strategies (internal cross-validation versus indepen-
dent external validation), represent additional sources
of heterogeneity. These factors explain the very high r
observed and indicate that the pooled RMSE should
be interpreted as a summary measure across heteroge-
neous contexts rather than a single universally applica-
ble estimate. Furthermore, the sample size of certain
models in the included studies varied and in some cases
was substantially limited (Barraza-Bernal et al., 2023;
Zhu et al., 2023). The sample size may be insufficient,
especially considering the datasets are further split for
training, validation and testing, thus underlining po-
tential model overfitting and limited generalizability
of the results. Differences in model complexity, rang-
ing from traditional ML algorithms to ensemble ap-
proaches and neural networks, further contributed to
variability in reported performance. Notably, studies
that incorporated external validation datasets demon-
strated poorer predictive accuracy compared with in-
ternally validated models, although this difference did
not reach statistical significance.

In addition to methodological variation, several stud-
ies reported convergence in the types of input features
that contributed most strongly to model performance.
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Authors and year Cases RMSE [95% CI]
Artiemjew et al. 2024 795 HIH 0.42[0.40, 0.44]
Barraza-Bernal et al. 2023 162 : —-— 0.44[0.39, 0.49]
Huang et al. 2023 49043 ] 0.13[0.13, 0.13]
Li et al. 2024 (1) 203462 [ | 0.15[0.15, 0.15]
Li et al. 2024 (2) 100213 | 0.15[0.15, 0.15]
Li et al. 2024 (3) 1955 ™ 0.22 [0.22, 0.23]
Lin et al. 2018 (1) 12200 ‘ | 0.80[0.79, 0.81]
Lin etal. 2018 (2) 9524 | 0.81[0.80, 0.82]
Lin et al. 2018 (3) 3815 - 0.62 [0.61, 0.64]
Lin et al. 2018 (4) 1854 HEH 0.81[0.79, 0.84]
Lin et al. 2018 (5) 2000 HH 0.59 [0.58, 0.61]
Lin et al. 2018 (6) 5590 ] 0.79[0.77, 0.80]
Lin etal. 2018 (7) 1775 HEH 0.82[0.79, 0.84]
Lin et al. 2018 (8) 1525 HIH 0.51[0.49, 0.52]
Lin et al. 2018 (9) 1690 : HIH 0.52[0.50, 0.53]
VaroSanec et al. 2024 15623 [ ] 0.12[0.12, 0.13]
Zhao et al. 2024 35300 ‘ 0.32[0.31, 0.32]
Zhu et al. 2023 54 e 0.73 [0.59, 0.86]
Random-effects pooled RMSE —l 0.50 [0.37, 0.62]

[ T T I 1
0 0.25 0.5 0.75 1

RMSE (diopters)

FIGURE 3 Forest plot of study-specific root-mean-squared error (RMSE) values for spherical equivalent (SE) refractive error prediction
across 18 model evaluations. Each point represents an individual study or cohort, with horizontal bars indicating 95% confidence intervals
(95% CI). Sample sizes (cases) denote the number of eyes included in each evaluation. Two studies contribute multiple entries to the forest plot
(Li, Zeng, et al. 2024 [1-3], Lin et al., 2018 [1-9]). These represent independent evaluations derived from distinct datasets within the same study.
Each entry was treated as a separate estimate because it reflects model performance in a distinct dataset.

Baseline SE and AL were among the most frequently
identified variables, consistent with their established
role in refractive development. Demographic and fa-
milial factors, including sex and parental myopia, also
recurrently contributed to predictive accuracy, while
behavioural factors such as reading posture and early
onset of myopia were highlighted in multiple models.
Collectively, these findings support the biological plau-
sibility of Al-based predictions and suggest that current
models predominantly capture well-recognized risk fac-
tors rather than identifying novel determinants.

Moreover, shorter prediction horizons were associ-
ated with lower prediction error, indicating improved
model performance for near-term refractive outcomes.
However, although our results suggest that near-term
predictions may perform more consistently than longer-
range forecasts, the relationship between prediction
horizon and error is not clearly established in the exist-
ing literature. In Varosanec et al. (VaroSanec et al., 2024),
variation in prediction accuracy was observed across
different historical record lengths and forecast intervals,
but no consistent advantage for shorter horizons was
demonstrated, indicating that horizon-dependent per-
formance remains uncertain.

An important methodological finding was the sig-
nificantly poorer performance of models using cyclo-
plegic refraction as the reference standard. Although
cycloplegia remains the clinical gold standard for

paediatric refractive assessment, its use may intro-
duce greater biological and measurement variability
than non-cycloplegic autorefraction, particularly in
younger patients with strong accommodative responses
(Sankaridurg et al., 2017). As a result, models trained or
validated against cycloplegic refraction are effectively
calibrated to a potentially noisier outcome measure,
which may help explain the higher prediction error ob-
served in these studies. On the other hand, cycloplegia
can also be interpreted to reduce accommodative noise,
which reflects the true refractive state. Thus, the higher
prediction error may be attributed to the model's gen-
uine limitations. This constitutes an important tension,
as models evaluated under non-cycloplegic conditions
may show better performance due to accommodation-
related noise in the reference standard, in contrast to
those benchmarked against cycloplegic refraction, which
offers higher clinical accuracy assessment.

The overall quality of the included studies was gen-
erally acceptable, with low concern in the domains of
participants, predictors and outcomes. However, the
analysis domain raised important methodological is-
sues. Almost half of the studies were rated as high risk
of bias due to limited handling of missing data, class im-
balance or potential overfitting. In several studies, key
analytical decisions were insufficiently reported, leading
to additional ‘unclear’ ratings. These findings highlight
the need for improved transparency and more rigorous
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analytical practices in future Al-based prediction stud-
ies, particularly with respect to validation procedures
and reporting standards. Despite growing interest in Al
applications for paediatric RE prediction, explainability
remains underutilized. Only a minority of studies em-
ployed techniques, such as feature importance analysis
or SHAP values. However, established predictors such
as baseline SE or AL should not be interpreted as mech-
anistic discovery, but as a reflection of the model's ability
to incorporate known clinical associations. Therefore, it
is essential to distinguish biological interpretation from
predictive performance and to highlight that accurate
predictions do not equal insight into underlying disease
mechanisms. Limited model interpretability may hinder
clinical trust and adoption, particularly when AI out-
puts are intended to inform preventive decision-making.
This is especially important in paediatric settings, where
predictions may be used to guide early interventions
before clinically significant refractive deterioration oc-
curs. Improved explainability is therefore an important
consideration for safe and responsible integration of Al
models into paediatric eye care, as it improves clinician
confidence and facilitates transparent communication
with families.

In addition to the study-level limitations discussed
above, limitations related to this review should also be
considered. Although broad database coverage was em-
ployed, the review was limited to studies published in
English, French, German, Italian, Spanish and Greek,
which may have led to the exclusion of relevant evidence
published in other languages. Moreover, the extremely
high between-study heterogeneity further limits the
extent to which pooled estimates can be generalized.
Previous research efforts on Al-driven prediction in
ophthalmology (Chen et al., 2025; Chen et al., 2026)
indicate that between-study heterogeneity varies and
is strongly influenced by how limiting the specified
inclusion criteria are. This emphasizes the need for
standardized reporting and validation practices in fu-
ture studies. The geographic concentration of available
data, with most studies relying on cohorts from East
Asian populations, particularly China, constitutes
another major limitation which represents an import-
ant source of heterogeneity and further constricts the
generalizability of the synthesized findings to other
regions with differing genetic, environmental and life-
style profiles (Holden et al., 2016), as patterns of refrac-
tive development and myopia progression vary greatly
among populations. Additionally, the restriction of the
meta-analysis to continuous SE prediction limits direct
conclusions regarding the performance of AI models in
predicting clinically defined outcomes, such as myo-
pia onset or progression, which are typically evaluated
using classification metrics. Moreover, for studies that
reported MAE but not RMSE, RMSE was estimated
using the transformation RMSE=MAE x(x/2), which
assumes normally distributed residuals with mean
zero. If this assumption is violated, the derived RMSE
values may not fully reflect the true prediction error,
introducing additional uncertainty into the pooled esti-
mates. To address this, a sensitivity analysis stratifying

evaluations by conversion method was performed; the
divergence between subsets (0.29 D for direct RMSE vs.
0.62 D for converted RMSE) was attributable to clinical
variation rather than a systematic bias introduced by
the conversion formula, and both subsets demonstrated
stable leave-one-out estimates. Finally, as with all evi-
dence syntheses, this review is dependent on the com-
pleteness and transparency of reporting in the primary
studies, which may have constrained detailed assess-
ment of certain methodological aspects despite the use
of a structured quality appraisal tool.

Overall, Al-based prediction models for paediatric
REs show promise as tools for early risk stratification
rather than diagnosis. Future efforts should priori-
tize multi-centre, multi-ethnic external validation and
transparency to promote models that can be responsibly
integrated into paediatric eye care, with careful atten-
tion to ethical implications when predictions are used
to guide preventive or early interventions in children.
Despite these promising applications, an important gap
remains between predictive accuracy and real clinical
usefulness. Metrics such as RMSE do not show whether
model outputs would actually change clinical decisions.
Approaches like decision curve analysis could help iden-
tify the risk thresholds at which clinicians would ad-
just follow-up, initiate preventive measures or consider
treatment. Moving towards such clinically oriented
evaluation will be essential for translating AI models
from prediction tools into meaningful decision support
systems.

In conclusion, current AI models demonstrate mod-
erate accuracy in predicting paediatric REs using
non-image-based clinical data. Heterogeneity in study
design, variable methodological quality, lack of external
validation and limited model explainability constrain
generalizability. Reduced performance observed with
cycloplegic refraction and external datasets highlights
the importance of standardized inputs, robust validation
and data consistency. Overall, these findings support the
potential role of Al-based prediction models as adjunct
tools in paediatric refractive care, while underscoring
the need for careful and responsible integration into clin-
ical practice.
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