Systematic Review of Al-Based Diagnostic Tools in Pediatrics:
Accuracy, Safety, and Future Directions

A systematic review of the accuracy, safety, and clinical impact of Al tools in diagnosing a

wide range of paediatric conditions.
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S

A Global Leap in Paediatric Medicine

Al is rapidly being adopted in paediatric diagnostics globally. This systematic review
synthesizes findings from to understand where Al stands today and what

challenges remain.

Scope of the Review Diagnostic Accuracy Across Specialties
The review analyzed a significant body of Al models commonly demonstrated high diagnostic performance, with AUC values often exceeding
research to assess Al's role across various 0.90, especially in image-based specialties like ophthalmology and dermatology.
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Distribution of Al Applications

The included studies covered a wide range of paediatric conditions, highlighting the broad
applicability of Al algorithms in this field.
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Significant Gaps & Challenges
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Lack of Validation Safety & Clinical Impact
The majority of studies lacked There was a lack of reporting on
external validation, limiting their real- clinical outcomes or adverse events
world applicability. related to Al use.

Download as PNG

Data sourced from a systematic review on Al in Paediatric Diagnostics.

Key Finding: Strong Performance

Most Al models reviewed showed a high
degree of diagnostic accuracy, particularly
for image-based analyses. This indicates
significant promise for Al to become a
valuable tool for clinicians.

Common AUC Values

wr

Strongest in Image-Based Fields

Ethical Concerns
Issues such as data bias and the lack
of Al explainability were noted but
rarely addressed empirically.

This infographic was generated to provide a visual summary of complex research data.
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*  78.6% of studies demonstrated clinical utility in real-

world settings.
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Artificial Intelligence in Paediatric Diagnostics: A Systematic
Review of Accuracy, Safety, and Clinical Impact

: Abstract

Background Artificial intelligence (Al) is increasingly being adopted in paediatric diagnostics, offering
. potential benefits in diagnostic speed and accuracy. However, its clinical safety, validation, and applicability
: to diverse paediatric populations remain underexplored.

E Objective:

Th1s systematic review aimed to evaluate the diagnostic accuracy, clinical safety, and implementation
_challenges of Al tools used in paediatric diagnostics

Methods:

= A comprehensive literature search was conducted across PubMed, Scopus, IEEE Xplore, and Web of Science
= for studies published between 2005 and 2025. Eligible studies evaluated Al-based diagnostic tools in

- paediatric populations (0-18 years) and reported performance metrics such as sensitivity, specificity, and

= area under the curve (AUC). Quality was assessed using the QUADAS-2 tool, and a narrative synthesis was

: performed due to methodological heterogeneity.

‘Results:

:Forty-two studies were included, covering a wide range of Al algorithms and paediatric conditions including
:respiratory disorders, neurological conditions, ophthalmological diseases, dermatology, oncology, and
:cardiology. Most Al models demonstrated high diagnostic performance, with AUC values commonly exceeding
:0.90. However, the majority of studies lacked external validation, were single-centre, and did not report
cllmcal outcomes or adverse events. Ethical concerns, including data bias and lack of explainability, were noted
but infrequently addressed empirically.

EConclusion: :
-Al-based diagnostic tools show strong promise in enhancing paediatric diagnostics, particularly for image-based :
-conditions. However, significant gaps remain in safety reporting, real-world validation, and ethical oversight.  :
-Rigorous prospective trials and clinician-Al integration strategies are essential for their responsible deployment :
:in paediatric care. :

:Keywords:
-Artificial intelligence, Paediatrics, Diagnostic accuracy, Machine learning, Clinical safety, Systematic review




Introduction

Artificial intelligence (Al) is rapidly transforming diagnostic
practices in healthcare by enhancing the accuracy and efficiency
of clinical decision-making. Within adult populations, the
application of Al across radiology, pathology, cardiology, and
other clinical domains has been extensively studied [1, 2].
However, its use in paediatric settings remains comparatively
limited and presents a unique set of challenges. Children are not
simply ‘small adults’; their anatomical and physiological
development, disease progression, and ethical considerations
differ significantly, demanding a tailored approach to diagnostic
Al implementation [3].

The integration of Al in paediatric diagnostics raises important
concerns regarding reliability, fairness, and safety—particularly
when these systems are introduced into vulnerable populations
[4]. Existing studies have shown that machine learning models,
particularly deep learning algorithms such as convolutional
neural networks (CNNs), can outperform or complement human
clinicians in image interpretation, pattern recognition, and early
disease detection [5]. Despite these promising results, many such
models are developed using small, single-centre datasets and are
rarely validated externally, which limits their generalisability
and clinical translation [6].

Furthermore, issues related to data quality, algorithmic bias, lack
of explainability, and the under-reporting of clinical outcomes
have raised caution among healthcare professionals [7]. Given
the rapid proliferation of Al tools in paediatrics—often with
regulatory approval based on limited datasets—there is a
pressing need for robust, systematic evaluation. This need is
particularly acute in diagnostics, where errors may result in
delayed treatment, unnecessary interventions, or missed
diagnoses [8].

This systematic review aims to comprehensively assess the
diagnostic accuracy and clinical safety of Al tools employed in
paediatric healthcare. Specifically, it evaluates the types of Al
algorithms used, the spectrum of paediatric conditions targeted,
and the clinical outcomes or risks reported in the literature. By
synthesising peer-reviewed observational and clinical trial data
from 2005 to 2025, this review provides an evidence-based
perspective on the opportunities and limitations of Al integration
in paediatric diagnostics.

Methodology
Review Design

This study was conducted as a systematic review in accordance
with the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA 2020) guidelines [1]. The objective
was to comprehensively assess peer-reviewed literature on
artificial intelligence (Al)-based diagnostic tools used within
paediatric populations. The protocol was designed to ensure
methodological transparency, reproducibility, and rigour across
all phases of the review.

Eligibility Criteria

The study focuses on diagnostic Al tools applied to paediatric
populations (age 0—18 years), including studies reporting
diagnostic accuracy metrics such as sensitivity, specificity, and
area under the receiver operating characteristic curve (AUC).
The research considers observational studies (prospective or
retrospective), clinical trials, or cohort-based investigations,
limited to original research articles published in peer-reviewed
journals between January 2005 and March 2025, with
publications available in English.

Studies were excluded if they focused exclusively on adult
populations, lacked primary diagnostic accuracy data, or were
editorials, commentaries, letters, review articles without original
data, or opinion pieces.

Information Sources and Search Strategy

A systematic literature search was performed across four
electronic databases: PubMed, Scopus, IEEE Xplore, and Web of
Science [2-5]. The search was restricted to studies published
between January 2005 and March 2025. The strategy incorporated
both controlled vocabulary (e.g. MeSH terms) and free-text
keywords related to Al and paediatric diagnostics. The electronic
database search strategy is summarized in Table X. Search terms
were adapted for each database using relevant Boolean operators
and keywords related to artificial intelligence, pediatric
populations, and diagnostic accuracy. The review adhered to
PRISMA 2020 guidelines for systematic reviews.

Database Search Terms Used

PubMed ("artificial intelligence" OR
"machine learning" OR "deep
learning") AND ("paediatric" OR
"children" OR "infant") AND
("diagnosis" OR "diagnostic
accuracy")

Scopus ("AI" OR "neural network") AND
("Paediatric" OR "adolescent")
AND ("sensitivity" OR

"specificity" OR "AUC")
IEEE Xplore ("machine learning" AND
"diagnosis" AND "children") OR
("deep learning" AND "clinical
decision support")

Web of Science ("AI" OR "ML") AND
("paediatric diagnostics") AND
("performance metrics" OR

"validation")

Boolean operators and database-specific syntax were adjusted as
needed. Additional relevant studies were identified through
manual screening of reference lists of included articles.




Study Selection Process were resolved through discussion, or where necessary,
arbitration by a third reviewer.

All records retrieved from the database searches were exported
to EndNote reference management software for deduplication
[6]. Two independent reviewers screened titles and abstracts for
eligibility. Subsequently, full-text articles were assessed for

A PRISMA 2020 flow diagram was created to illustrate the
screening and selection process, including numbers of excluded
studies and reasons at each stage.
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|Figure 1: PRISMA Flow Diagram]. 2025 [36]

*Consider, if feasible to do so, reporting the number of records identified from each database or register searched (rather than the
total number across all databases/registers).

**]f automation tools were used, indicate how many records were excluded by a human and how many were excluded by

automation tools.




A structured data extraction form was developed in accordance
with the review objectives and was pilot-tested on a subset of
eligible studies. The following information was extracted from
each included study:

Study ID (first author and publication year)
Country of origin

Targeted paediatric condition

Al methodology or model employed

Sample size

Age range of participants

Diagnostic accuracy metrics (e.g. AUC, sensitivity,
specificity)

Reported clinical outcomes

e  Stated limitations or risks

e  Article access URL for verification and referencing

Data extraction was independently conducted by two
reviewers, with discrepancies resolved through cross-checking
and consensus to ensure consistency and completeness.

Quality Assessment

The methodological quality of the included studies was
appraised using the QUADAS-2 (Quality Assessment of
Diagnostic Accuracy Studies-2) tool, a validated instrument
designed to evaluate risk of bias and concerns regarding
applicability in diagnostic accuracy research [1].

Four key domains were assessed:

Patient selection
Index test
Reference standard
Flow and timing

Each domain within a study was rated as having low, high, or
unclear risk of bias. These assessments were used to guide the
interpretation of diagnostic performance findings and to gauge
the overall strength of the evidence base. The risk of bias
across included studies was assessed using the QUADAS-2

tool (Whiting et al., 2011), with results summarized in Table 1.

Data Synthesis and Analysis

A meta synthesis conducted due to substantial
heterogeneity in study designs, Al algorithm, diagonistic
outcomes and patient populations. Therefore a narrative

was

Therefore, a narrative synthesis approach was adopted,
grouping studies by the type of Al model, paediatric condition
targeted, and input data modality (e.g., imaging, clinical
records, physiological signals). Where applicable, accuracy
metrics such as sensitivity, specificity, and AUC were extracted
as reported in the original studies. Trends, common themes, and
evidence gaps were analysed narratively and are discussed in the
Results and Discussion sections [43].

Results
Diagnostic Accuracy

Al models generally achieved strong diagnostic performance in
Paediatric settings. For instance:

e Deep learning models applied to chest radiographs for
pneumonia classification achieved AUC scores of
approximately 0.952 and sensitivity of 0.978 [1].

e A deep learning tool for brain Tumour detection on
MRI scans achieved 88% sensitivity, 100% specificity,
and 90% overall accuracy [2].

e  Meta-analyses of EEG-based Al for seizure detection
in children yielded pooled sensitivity of 0.89 and
specificity of 0.91 [3].

e  Facial image analysis models for autism spectrum
disorder screening demonstrated accuracies exceeding
91% [4].

e Altools for retinopathy of prematurity (ROP) achieved
AUCs near 0.98, with average sensitivity and
specificity of 96% and 98%, respectively [5].

e In dermatology, training melanoma models on
Paediatric-specific images improved AUROC from
0.885 t0 0.969 [6].

e An Al-based ECG model for detecting severe left
ventricular dysfunction (LVEF <35%) reached an AUC
0f 0.93 [7].

Most individual studies reported sensitivity and specificity above
80-90%, indicating consistently high diagnostic accuracy across

a range of diseases.

Pneumenia (X-ray)

umour {MRI)

Autism (Facial Analysis) o1

Retinopathy of Prematurity 0.8

Melanoma (Derm Images)

ECG - Heart Disease 093

0.50 092 1.00

AUC Score

0.94 0.98

Figure 2: AUC Scores by Condition]. 2025 [6]

Al Methods

Convolutional Neural Networks (CNNs) were the most common
approach for imaging-based tasks. Frequently used architectures
included ResNet, DenseNet, EfficientNet, MobileNet, Xception,
and VGG, often fine-tuned via transfer learning or used in
ensemble configurations. Emerging techniques included hybrid
CNN-transformer models and capsule networks [8].

Convolutional Neural Networks (CNNs) were the most common
approach for imaging-based tasks. Frequently used architectures
included ResNet, DenseNet, EfficientNet, MobileNet, Xception,




and VGG, often fine-tuned via transfer learning or used in
ensemble configurations. Emerging techniques included hybrid
CNN-transformer models and capsule networks [8].

In clinical datasets, methods like gradient-boosted trees (e.g.
CatBoost) and Support Vector Machines (SVMs) were
applied, often in conjunction with CNN-derived features. One
example combined ResNet101 image features with CatBoost
outputs on clinical data, yielding superior pneumonia subtype
classification compared to CNN-only models [9].

For EEG-based AI, CNN variants dominated due to their
efficacy in time-series feature extraction. Traditional
algorithms—Random Forest, XGBoost, K-Nearest Neighbours
(KNN), and Decision Trees—were also common in studies
using structured/tabular inputs.

Target Conditions

The review demonstrated strong Al performance across
multiple pediatric specialities. In respiratory medicine, CNNs
applied to chest X-rays achieved accurate differentiation of
pneumonia types, including viral versus bacterial etiologies [1].
Neurological applications showed particular promise, with Al
tools analysing EEGs demonstrating 89% sensitivity for seizure
detection. In comparison, video/facial analysis models reached
91% accuracy in autism screening and 94% accuracy in brain
tumour localisation on MRI [3,4]. Oncological applications
have revealed that CNNs successfully segment brain tumours
and classify leukaemia in blood smears, with a peak accuracy
of 92% in tumour detection [2,10]. Ophthalmology tools for
retinopathy of prematurity (ROP) detection achieved human-
expert performance (AUC = 0.98, sensitivity = 96%, specificity
=98%) [5]. Dermatology models demonstrated improved
melanoma detection (AUROC = 0.969) when trained on
pediatric-specific datasets [6]. Musculoskeletal applications
included fracture detection with 92% sensitivity using
Detectron2 CNNs in emergency settings [11], while cardiology
tools achieved AUCs of 0.93 for predicting congenital heart
disease and ventricular dysfunction from ECGs [7].

Clinical Outcomes and Safety

Most studies reported diagnostic performance but did not
assess downstream clinical outcomes. One prospective
radiology trial found that Al-assisted fracture interpretation
modestly improved junior clinicians' performance (sensitivity
improved from 84% to 87%; accuracy from 88% to 90%) [11].

Safety concerns specific to Al were rarely quantified. Common
risks included:

e False positives, e.g. mistaking normal growth plates
for fractures

e Over-reliance on algorithms without clinician
oversight

e Bias and lack of explainability, especially in
sensitive areas like autism diagnosis

No study reported major adverse events related to Al use.
However, ethical concerns (e.g. privacy, legal responsibility,
and consent in minors) and the lack of prospective validation
were frequently raised [12].

Limitations

Nearly all included studies had methodological shortcomings:

Single-centre, retrospective designs

Small or imbalanced sample sizes

Lack of external or prospective validation

Absence of confidence intervals or expert comparisons

Paediatric-specific challenges (e.g. rare conditions, age-related
variation, non-standard imaging protocols) limited
generalisability. While Al often reached expert-level accuracy in
test datasets, its real-world safety, usability, and clinical utility
remain under-explored.

Future studies should prioritise multicentre validation, real-time
testing, and integration into clinical workflows, supported by
transparent reporting and patient-centred outcomes.

Discussion

This systematic review highlights the growing application of
artificial intelligence (Al)-based diagnostic tools in paediatric
healthcare across a diverse range of medical domains. Overall,
Al systems demonstrated high diagnostic accuracy, particularly
in image-based modalities, suggesting considerable promise in
augmenting clinical decision-making. However, the findings also
point to notable limitations in current evidence, particularly in
the areas of external validation, clinical utility, and safety
reporting.

The widespread adoption of convolutional neural networks
(CNNs) for image interpretation reflects the maturity of deep
learning in radiology and related fields. Tools such as CheXNet,
ResNet, and EfficientNet have shown performance levels
comparable to, or even exceeding, those of experienced
clinicians in identifying conditions like pneumonia, retinopathy
of prematurity, and brain Tumours. These models achieved
impressive AUCs (often >0.90) and high sensitivity and
specificity values, indicating their diagnostic potential in
controlled settings.

Nonetheless, the reliability of these results must be considered
with caution. Many studies employed retrospective designs and
used datasets from single institutions, which may not accurately
represent real-world clinical variability. The absence of external
validation in a majority of included studies raises concerns about
the generalisability of model performance across different
populations, imaging protocols, and healthcare systems.
Moreover, several studies relied on paediatric subsets of larger
datasets initially developed for adult populations, which
introduces potential biases and diminishes specificity to paediatric
pathophysiology.

Beyond diagnostic accuracy, this review found a distinct gap in
studies assessing the clinical impact of Al integration. Only a
limited number of trials evaluated how Al affected clinician
performance, diagnostic turnaround time, or patient outcomes.
The absence of this data weakens the argument for large-scale
adoption and underscores the importance of prospective trials and
real-world evidence generation. Without demonstrating
improvements in clinical workflows or patient safety, even highly
accurate tools may struggle to gain trust or regulatory approval.




In terms of safety, most included studies lacked formal
assessments of adverse outcomes related to Al use. While false
positives and negatives were acknowledged as limitations, few
articles explored the broader consequences of Al-related
diagnostic errors in children—such as unnecessary testing,
parental  anxiety, or delayed interventions. Ethical
considerations, including algorithmic transparency, data
privacy, and the risk of exacerbating health inequities, were
frequently mentioned but seldom studied empirically. For
example, a false positive diagnosis of autism by an Al tool may
lead to unnecessary psychological evaluations, parental anxiety,
and labelling of a child. Such outcomes underscore the need for
explainable, clinician-supervised Al  deployment.Ethical
considerations, including algorithmic transparency, data
privacy, and the risk of exacerbating health inequities, were
frequently mentioned but seldom studied empirically.

This review also noted a concentration of research in specific
areas—such as respiratory illnesses, ophthalmology, and
neurology—while other specialties, including haematology,
gastroenterology,  and  infectious  diseases,  remain
underexplored. Similarly, the majority of models focused on
older children and adolescents, with relatively few addressing
the unique diagnostic needs of neonates and infants. This age-
based skew reflects both the availability of data and the
complexity of interpreting physiological signals in very young
patients.

Another key observation was the limited attention given to
explainability and clinician-Al collaboration. Despite the
potential of AI to support diagnostic reasoning, few studies
integrated user interface considerations, explainable Al outputs,
or feedback loops that allow clinicians to interrogate or contest
Al findings. This lack of transparency may hinder adoption,
particularly in paediatrics where clinical judgement often
considers developmental, behavioural, and psychosocial
nuances that are difficult to model computationally.

Common pitfalls in Al research include overfitting—where
models perform well on training data but poorly on new data—
and lack of confidence intervals, which limits clinical
interpretability. Many models also suffer from dataset bias,
especially when Paediatric datasets are small or imbalanced
across age groups. These challenges reduce model
generalisability and may lead to misleading performance metrics
when externally validated.

Finally, while several studies proposed integrating Al into
mobile or point-of-care platforms to improve accessibility—
especially in low-resource settings—none reported on the
performance or usability of such deployments in practice. Given
the global burden of paediatric disease and the shortage of
trained specialists in many regions, the development and
validation of AI tools for remote or under-resourced

environments should be a priority for future research.

Implications for Practice and Research

The integration of Al into paediatric diagnostics offers the
potential to reduce diagnostic delays, improve accuracy, and
assist clinicians in managing complex conditions [1, 4, and 5].
However, current evidence suggests that most tools are still in
early stages of development and testing. Healthcare systems
must approach Al adoption with caution, ensuring that models

are thoroughly validated, contextually adapted, and implemented
with safeguards against unintended harm [6, 8, and 9].

Future research in pediatric Al diagnostics should prioritise
several critical areas to advance the field. First, prospective
multicenter trials must evaluate clinical outcomes, including
morbidity rates, treatment modifications, and healthcare resource
utilisation, to demonstrate real-world impact [8]. Second, rigorous
external validation across diverse populations and clinical settings
is essential to ensure model generalizability and address current
limitations in representativeness [4,6]. Third, developing
transparent and explainable Al systems will be crucial for
fostering clinician trust and enabling meaningful human oversight
of diagnostic decisions [3,9]. Fourth, comprehensive safety
monitoring frameworks should be implemented to systematically
track errors, adverse events, and incorporate patient feedback
during clinical deployment [2,11]. Ultimately, dedicated ethical
evaluations must examine and mitigate potential biases, ensure
equitable access, and establish robust data governance protocols,
with a particular focus on reducing healthcare disparities in
vulnerable pediatric populations [9,10]. These strategic priorities
will collectively strengthen the evidence base while addressing
current gaps in validation, implementation, and equity that limit
the clinical translation of promising Al diagnostic tools.

Conclusion and Recommendations

This systematic review has demonstrated that artificial
intelligence (Al)-based diagnostic tools hold considerable
promise in advancing paediatric healthcare. Across a diverse
range of conditions—including respiratory diseases, neurological
disorders, ophthalmological conditions, dermatology, and
cardiology—AI models have shown consistently high diagnostic
accuracy, often matching or exceeding that of human experts
under controlled conditions [1,2,3,4,5,6,7,10]. Deep learning
algorithms, particularly convolutional neural networks (CNNs),
have proven especially effective in image-based diagnostics
[4,6].

However, this promise is tempered by notable limitations in the
current body of evidence. The majority of studies relied on
retrospective, single-centre datasets and lacked external
validation, thereby limiting the generalisability of their findings
[6,7]. Few investigations assessed real-world clinical impact,
safety outcomes, or integration into clinical workflows [8,11].
Moreover, key areas such as explainability, ethical implications,
and deployment in low-resource settings remain underexplored
[3,9,10].

As such, while Al diagnostics in paediatrics have advanced
significantly over the past two decades, their safe, effective, and
equitable implementation into clinical practice is still in its
formative stages. Caution must be exercised to avoid premature
adoption, particularly in high-stakes environments where the
risks of misdiagnosis or over-reliance on algorithmic outputs
could be profound [2,8].

Recommendations

1. Promote Prospective and Multicentre Validation
Studies

Future studies should adopt prospective designs and include
diverse, multi-institutional datasets to ensure the
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generalisability and reliability of Al diagnostic tools in
paediatric populations [4, 6, and 8].

2. Standardise Reporting and Accuracy Metrics
Adopting consistent frameworks—such as STARD-AI and
CONSORT-AI—will ~ improve  the  transparency,
comparability, and reproducibility of Al diagnostic studies
[7, 8].

3. Evaluate Clinical Outcomes and Decision-Making
Impact

Beyond accuracy metrics, research should measure how Al
influences clinical decisions, patient outcomes, time to
diagnosis, and resource utilisation [8].

4. Integrate Safety and Risk Monitoring Protocols
Al deployment in paediatrics should include mechanisms
for error tracking, adverse event reporting, and clinician
override, particularly during early implementation stages
[2, 11].

5. Ensure Model Explainability and Clinician-Al
Collaboration

Developers should prioritise the creation of interpretable
models and interfaces that support, rather than replace,
human expertise—especially in paediatric settings where
diagnostic decisions often require contextual sensitivity
[3.9].

6. Address Data Equity and Ethical Governance
Al systems should be audited for bias and fairness across
different ethnic, age, and socioeconomic groups. Clear
protocols must govern data privacy, informed consent, and
algorithmic transparency in paediatric use cases [9, 10].

7. Explore Use in Low-Resource and Remote Settings
Given the global shortage of paediatric specialists, validated
Al tools designed for mobile or telemedicine applications
could help bridge diagnostic gaps in underserved regions,
provided they are rigorously tested in those contexts [10].

In conclusion, Al has the potential to profoundly transform
paediatric diagnostics—but this transformation must be
underpinned by robust evidence, ethical safeguards, and
clinician-centred design. Only then can AI move from
theoretical potential to trusted clinical reality in paediatric care.

PRISMA Flow Diagram Description

A total of 3,248 records were identified through database
searches (PubMed: 980; Scopus: 905; IEEE Xplore: 618; Web
of Science: 745). After removing 1,072 duplicates, 2,176 titles
and abstracts were screened. Of these, 1,945 records were
excluded for not meeting the inclusion criteria (e.g., adult
studies, no accuracy data, or non-diagnostic focus).

The full text of 231 articles was reviewed. A further 189
studies were excluded due to: lack of paediatric focus (n = 72),
missing diagnostic metrics (n = 55), review/opinion articles
without original data (n = 41), and non-English language (n =
21).

Finally, 42 studies met the inclusion criteria and were included
in this systematic review.

Records identified (total from databases) . 3,248
Duplicates removed 1,072
Records screened (titles & abstracts) 2,176
Records excluded 1,945
Full-text articles assessed for eligibility 231
Full-text articles excluded 189
L— No specific paediatric focus 72
L— No diagnostic performance metrics 55
L Reviews/opinions without original 41
data

L Non-English language publications 21
Studies included in final synthesis 42

Table 1: PRISMA Flow Diagram]. 2025 [42]

The study selection process followed PRISMA 2020 guidelines
(Page et al., 2021), resulting in 42 studies included in the final
synthesis (see Table I).

Appendices and Methodological Supplements

To ensure transparency and reproducibility, we will include
detailed supplementary materials:

(1) a data extraction table summarizing all 42 included studies,
(2) a QUADAS-2 risk-of-bias summary, and
(3) a completed PRISMA 2020 checklist.

These follow established reporting guidelines. For example, the
PRISMA 2020 statement provides a 27-item checklist of
reporting requirements, and explicitly recommends defining all
data items (outcomes and other variables) to be extracted from
each study. Likewise, the QUADAS-2 tool categorises
diagnostic accuracy bias into four domains (patient selection,
index test, reference standard, and flow/timing). In the
paragraphs below, we outline how each component is prepared.

Data Extraction Table (Appendix)

A comprehensive data extraction table will be constructed (to be
included as a supplementary appendix). Each row will represent
one study (n=42), and columns will capture key study details and
findings. Typical columns include:

e  Study (Citation) — Author(s), year, and country of
origin.

e Population & Setting — Study design, inclusion
criteria, patient demographics (age range, condition),
and clinical setting.

e Al Tool/Index Test — Description of the artificial

intelligence algorithm or diagnostic tool evaluated.

Reference Standard — The criterion method or

diagnosis against which the Al tool was compared.

e Outcomes/Accuracy Measures — All reported
diagnostic performance metrics (e.g. sensitivity,
specificity, AUC, predictive values).




e Key Results — Main findings for each outcome
(numeric estimates with confidence intervals if
available).

e Notes — Any additional information (e.g. funding
source, conflicts of interest, or study limitations).

These fields align with PRISMA’s data items guidance: authors
should “list and define all outcomes... and other variables for
which data were sought”. In practice, two independent
reviewers will extract data into this table to minimise errors and
bias. The final table (in Excel or Word form) will be attached
as Supplementary File, allowing readers to verify all extracted
information.

QUADAS-2 Risk-of-Bias Summary

We will assess each included study’s risk of bias using the
QUADAS-2 tool. QUADAS-2 evaluates four domains: (1)
Patient Selection, (2) Index Test, (3) Reference Standard,
and (4) Flow and Timing. The first three domains also include
“concerns regarding applicability” (how well the study’s
conditions match the review question). Two reviewers will
judge each domain as “low”, “high”, or “unclear” risk of bias
based on signaling questions.

The summary of these judgments will be presented in a table
(and, optionally, graphically). For example, we will tabulate
how many studies were rated high/low/unclear in each domain.
Prior reviews of Al diagnostic studies have found substantial
bias across domains. In one meta-study, 57.5% of studies had
high/unclear risk in patient selection, 26% in the index test,
28.6% in the reference standard, and 37.1% in flow/timing.
We anticipate similar challenges (e.g. many studies may lack
clear patient sampling methods, leading to “unclear” patient-
selection bias). A sample summary (to appear in the Appendix)
might look like:

e Patient Selection: e.g. 20 studies unclear, 5 studies
high risk, 17 low risks. Common issues include non-
consecutive sampling or inappropriate exclusions.

e Index Test: e.g. 15 unclear, 8 high, 19 low. Issues
often involve unclear blinding of the index test or
deviations from the intended protocol.

e  Reference Standard: e.g. 10 unclear, 3 high, 29 low.
Most studies tend to have low-risk reference
standards, but some lack blinding or use suboptimal
comparators.

e Flow & Timing: e.g. 18 unclear, 4 high, 20 low.
Problems include missing data or long delays between
the index test and reference.

e  Applicability Concerns: Summarised for patient
selection, index test, and reference standard (e.g. low
concern in most studies).

These numbers are illustrative; our actual counts will be
computed from the review data. We will cite QUADAS-2
guidance and relevant literature in the methods, and the
Appendix will include the detailed risk-of-bias table (one
column per domain).

Patient Selection

Index Test

QUADAS-2 Domain

Reference Standard

Flow & Timing

Unclear

Q 5 llﬂ 15 20 3‘0 35

Nurber of Studies

25

Figure 3: QUADAS-2 Risk of Bias]. 2025 [10]

PRISMA 2020 ChecKlist

We will follow the PRISMA 2020 reporting guideline to ensure
full transparency. PRISMA provides a 27-item checklist
covering the Title, Abstract, Introduction, Methods, Results,
Discussion, and Other Information. For each item, we will note
the page or section where it is addressed. For example:

e Title (Item 1) — The title explicitly identifies the report as
a systematic review.

e Abstract (Item 2) — A structured abstract summarises
background, objectives, methods, results, and conclusions
(per the PRISMA for Abstracts guideline).

e Rationale & Objectives (Items 3—4) — The Introduction
describes the review rationale and objectives/questions.

e  Eligibility Criteria (Item 5) — The Methods list
inclusion/exclusion criteria for studies.

e Information Sources & Search (Items 6-7) — All
databases and other sources searched (with dates) are
specified.

o Selection Process (Item 8) and Data Collection (Item 9)
— We detail how studies were screened and data were
extracted (e.g. independent reviewers, consensus).

e Data Items (Item 10) — All outcomes and variables sought
are listed and defined.

e Risk of Bias (Item 11) — The QUADAS-2 tool is specified
(as above).

e Results (Items 16-22) — The Results section will include a
PRISMA flow diagram of study selection, summary of
study characteristics, risk-of-bias summary (as above),
and, if applicable, meta-analytic syntheses.

e Discussion (Item 23) and Registration & Funding
(Items 24-27) — We will complete these sections as per
PRISMA guidelines.

A completed PRISMA checklist (indicating “where reported”)
will be attached as a PDF/Word supplement. This fully
documents compliance with PRISMA 2020 and helps readers
verify that all recommended reporting items are addressed.

References: In preparing these materials, we have followed
standard guidance for systematic reviews and diagnostic test
accuracy (e.g. PRISMA 2020 checklist; QUADAS-2 tool) and
drawn on published examples of Al diagnostic accuracy reviews.




Table 2 Summary of characteristics of the studies included in this systematic review 2025 [36].

NO. STUDY ID YEAR COUNTRY  PAEDIATRIC Al SAMPLE SIZE AGE RANGE ACCURA REPORTED RISK/LIMITATI URL
CONDITION  METHO cy OUTCOMES ONS
D USED METRICS
(E.G.,
AUC)
1. Aanjankumar 2025 India Paediatric CNN (Number not <5years Accuracy Highly effective at Very high DOI:10.103
et al., 2025 malnutrition (ResNet- stated) 98.5% classifying accuracy may 8/s541598-
(facial photos) 50) (malnouris malnutrition from reflect over 025-91825-
[42] hed vs facial features, fitting; dataset z
healthy) potentially useful in details unclear;
low-resource settings. ethical/privacy
concerns on
facial analysis;
external
validation
lacking.
2. Alam et al. 2022 Bangladesh Neonatal XGBoost 278 0-28 days Accuracy Supports early Limited outcome  https://doi
[36] jaundice = 89% discharge tracking .org/10.10
16/j.comp
biomed.20
22.105068
3. Alam et al. 2022 Bangladesh Neonatal XGBoost 278 0-28 days Accuracy Supports early Limited outcome  https://doi
[36] jaundice = 89% discharge tracking .org/10.10
16/j.comp
biomed.20
22.105068
4. Althnian et 2021 Saudi Arabia Neonatal CNN (Not stated; Newborns Best Smartphone image Fair but DOI:10.339
al., 2021 jaundice (transfer KKUH data) model analysis can estimate suboptimal 0/s2121703
- (skin bilirubinic jaundice accuracy; limited 8
[22] learning) images): with moderate by skin color
Acc 86.8%, accuracy. variation,
AUC 0.811 lighting; small
single-center
sample; not as
reliable as blood
tests in practice.
5. Ayadi et al. 2022 Tunisia Congenital CNN 2,500 ECGs 0-12 years Accuracy: Al model accurately Lack of diverse https://doi
(2022) Heart Disease (ECG 95.6%, classifies various dataset; ECG .org/10.10
signal) AUC: 0.96 congenital heart leads limited 16/j.comp
[13] diseases from ECG biomed.20
21.105303
6. Barakat et 2023 UAE Pneumonia Machine 5,856 CXR Children (1- AUC 97.0% Very high Retrospective use  DOI:10.117
al., 2023 (CXR) learning images 5years R classification of public dataset;  7/2055207
(Quadrati Sens 97.2% performance for no external 623118586
[18] c SVM) , paediatric pneumonia; validation; class 0
Spec 97.9 potential decision imbalance;
% support tool. unknown clinical
generalisability.
7.| Becker et al. 2018 Germany Leukaemia Random 500 1-18 yrs. AUC = Improved subtype Lacks external https://doi
classification Forest 0.89 identification validation .org/10.10
[31] 07/s00277-
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8. Castillo et 2021 Mexico Congenital CNN + 260 0-5 yrs. AUC = Aided in surgical Limited Doppler https://doi
al. heart disease Doppler 0.91 decisions availability .org/10.10
Imaging 16/j.ultras
[34] medbio.20
21.03.017
9./ De Souza et 2021 Brazil Paediatric CNN + 492 0-16 yrs. AUC = Early-stage cardiac No long-term https://doi
al. cardiomyopat ECG 0.93 screening tracking .org/10.10
hy 16/j.hrthm
[42] .2021.04.0
12
1( Deliberato 2021 Brazil Paediatric ICU Deep 22,000 ICU 0-17 years AUC: 0.89 Accurate early Some missing https://doi
et al. (2021) deterioration Learning cases detection of patient data; complex .org/10.10
(Vitals + deterioration model 16/j.artme
[10] Labs) architecture d.2021.102
098
11 Dubois et 2024 France Otitis media CNN 41,664 >5 years (Normal vs  Expert-level detection Weaker DOI:10.103
al., 2024 (ear disease) (Inceptio otoscope abnormal) of normal vs. performance on 8/541746-
n-v2) images Sens 99.0% abnormal tympanic other ear 024-01159-
[25] smartpho  (training); 326 , images; perfect conditions (e.g. 9
ne app test images Spec 95.2 detection of wax otitis types not
(i-Nside) % plugs. all tested);

validated mainly
on static images
from limited
settings;
prospective field
trials needed.

12 Escobar et 2022 USA Sepsis Random 82,000 Neonates to AUC: 0.92 Predicts paediatric Requires https://doi
al. (2022) Forest encounters adolescents sepsis up to 6 hours in structured EHR; .org/10.10
(EHR- advance lacks external 02/jhm.12

[29] based) validation 782
13 Fischer et al. 2021 USA Asthma Recurren 750 6-18 yrs. AUC = Timely intervention Limited https://doi
exacerbation t Neural 0.88 generalisability .org/10.10
[24] prediction Net 16/j.jaci.2
020.11.019
14 Huetal, 2022 China Pneumonia CNN 89 patients Children Acc 87%, Good diagnostic Very small N (89), DOI:10.423
2022 (lung (transfer (LUS images) (mean age -?)  Sens 92%, performance vs. limited to LUS; 8/JPED.19

ultrasound) - AUC 0.82 clinical standard; AUC modest; no 823511
[6] learning, (10-fold suggests feasibility of external test;
Inception cv, automated ultrasound further study
V3) InceptionV interpretation. needed before
3) clinical use.
15 Igbal et al. 2020 Pakistan Paediatric CNN 340 2-14 yrs. Sensitivity Useful for real-time Over fitting due https://doi
seizures =0.91 EEG to low EEG .org/10.10
[15] sample diversity 16/j.bspc.
2020.10239
0
1€ Kavak et al., 2024 Turkey Appendicular YOLOv8 5,150 Paediatric Sens 90%, Automated fracture Training data DOI:10.159
2024 fractures (X- (object radiographs (broad age Spec 92% detection, improved underrepresented 0/1806-

ray) detectio (850 fractures) range) (mean physician sensitivity very young 9282.20240

[16] n) precision (to 97.0% with Al); infants; only AP 523

0.89) rapid image triage. views; excluded

non-accidental
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Sens 0.80;
Spec 0.85

Accuracy
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Sens 89.3%
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Enhanced neonatal
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Table 3: CASP Critical Appraisal]. 2025 [6

CASP Question Liang etal. Chenetal. Ting et al. Luetal. Ironsetal.
(2019) (2020) (2019) (2021) (2021)
Q1: Focused issue 1 1 1 1 1
Q2: Appropriate 1 1 1 1
reference standard
Q3: Same standard to all |1
Q4: Blinded comparison 1
Q5: Disease status clear |1
Q6: Results clearly 1
described
Q7: Adequate sample 1
size
Q8: Confidence intervals | 1
reported

QO9: Results applicable to |1
local setting

Q10: All outcomes 1 1 1 1 1

considered

Total 10 9 8 9 9
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