JOUR UM

REVIEW

2026;6(1):1-9 doi: 10.14744/upd.2026.84755 Pediatrics

Artificial intelligence for the busy paediatrician

Dogan Sengiil

Department of Software Engineering, istanbul Sabahattin Zaim University, Faculty of Engineering and Natural Sciences, istanbul, Tiirkiye

ABSTRACT

Artificial intelligence (Al) is rapidly entering paediatric practice, yet clinicians often lack a concise, practical orientation.
We summarise what paediatricians should know about contemporary Al in a compact and clinically useful context.
We performed a narrative state-of-the-art review of peer-reviewed literature published between January 2017 and
April 2026 (last search date: 30.04.2026) using PubMed, Scopus, and special issues on Al in paediatrics. Search terms
combined “artificial intelligence,” “machine learning,” “deep learning,” “large language models,” and “natural language
processing” with “paediatric/pediatric,” “child,” “neonatal,” and paediatric subspecialty keywords. Priority was given
to peer-reviewed studies, regulatory and ethics guidance, and recent reviews addressing clinical implementation,
validation, bias, explainability, and governance. Because the review was narrative rather than systematic, no PRISMA
flow diagram was prepared. Findings were organised around five clinical domains, with cross-cutting pitfalls synthesised.
Mature applications include image-based diagnostics (radiology, ophthalmology, and dysmorphology), deterioration and
sepsis prediction in the paediatric intensive care unit, asthma exacerbation forecasting, autism screening, accelerated
rare-disease diagnosis from whole-genome data, precision dosing, and LLM-based clinical documentation and parental
education tools. In selected narrow tasks under controlled test conditions, reported performance may approach, and in
some studies overlap with, expert-level performance; however, generalisability is highly dependent on dataset quality,
population similarity, and external validation. Conversely, paediatric Al faces unique threats: small and developmentally
heterogeneous datasets, label scarcity, racial and gender bias, dataset shift, opaque “black box” reasoning, and complex
consent for minors. Robust external validation in diverse paediatric populations remains the exception rather than the
rule. Al is best understood as augmented intelligence that supports, rather than replaces, the paediatrician. Practical
adoption requires Al literacy, structured evaluation of tools against age-stratified evidence, vigilance for bias, and explicit
local governance. Paediatricians who engage early will help shape safe, equitable, child-specific Al.
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Yogun pediatristler icin yapay zeka

OzZET

Yapay zeka (YZ), glinluik pediatri pratigine hizla girmektedir; ancak yogun rutinde klinisyenler kisa ve uygulanabilir bir kaynak bulmakta gugliik cekebilmektedir.
Bu derleme, her pediatristin glincel YZ uygulamalari hakkinda bilmek isteyebilecegi kisa, klinik agidan kullanish ve pratik bilgileri sunmayi amaglamaktadir.
Ocak 2017-Nisan 2026 (son tarama tarihi: 30 Nisan 2026) arasinda yayimlanan hakemli literatiiriin anlatisal nitelikte gtincel bir derlemesi yapildi. PubMed,
Scopus ve pediatrik YZ’ye ayriimis giincel 6zel sayilar tarandi. Arama terimleri (ingilizce) “yapay zeka”, “makine 6grenmesi”, “derin 6grenme”, “biiyiik dil mod-
elleri” ve “dogal dil isleme” kavramlari ile “pediatri”, “cocuk”, “neonatal” ve pediatrik yan dal anahtar soézciikleri birlestirilerek olusturuldu. Klinik uygulama,
dogrulama, yanlilik, agiklanabilirlik ve yonetisimi ele alan hakemli ¢alismalara, diizenleyici ve etik kilavuzlara ve glincel derlemelere oncelik verildi. Sistematik
olmaktan ¢ok anlatisal bir derleme amaglandigindan PRISMA akis diyagrami hazirlanmadi. Bulgular bes klinik alanda toplandi ve sentezlendi. Olgunluga
ulagsmis uygulamalar arasinda gorinti temelli tani (radyoloji, oftalmoloji, dismorfoloji), pediatrik yogun bakimda kétllesme ve sepsis 6ngorisi, astim atagi
tahmini, otizm taramasi, tim genom verisinden hizlandirilmis nadir hastalik tanisi, hassas dozlama ve buyik dil modeli tabanh klinik dokiimantasyon ile
ebeveyn egitimi araglari yer almaktadir. Dar tanimli segili gorevlerde bildirilen performans, uzman diizeyine yaklasabilmekte ve bazi calismalarda bu dizeyle
ortlisebilmektedir; ancak genellenebilirlik veri kalitesine, populasyon benzerligine ve dogrulama (validasyon) suireglerine buytk 6lgiide bagldir. Buna karsin
pediatrik YZ; kiigiik ve gelisimsel agidan heterojen veri kiimeleri, irk ve cinsiyet yanliliklari, veri kaymasi, seffafliktan yoksun “kara kutu” modeller ve resit ol-
mayanlarda karmasik onam siiregleri gibi kendine 6zgl tehditlerle karsi karsiyadir. Farkhlik ve gesitlilik gosteren pediatrik poptlasyonlarda dis dogrulama hala
kuraldan gok istisnadir. YZ, pediatristin yerine gegen degil, onu destekleyen artiriimis zeka olarak anlasiimalidir. Pratik benimseme; YZ okuryazarligi, araglarin
yasa gore tabakalandiriimis kanitlarla yapilandiriimis degerlendirilmesi, yanlliga karsi dikkat ve duruma 6zgi yonetisim gerektirmektedir. YZ siireglerine katil-

mak igin gecikmeksizin caba gosteren pediatristler, gocuklara 6zgi giivenli ve adil bir YZ'nin bicimlenmesine katki saglayacaktr.

Anahtar Kelimeler: Derin 6grenme; dogal dil isleme; klinik karar destek sistemleri; makine 6grenmesi; pediatri; tanisal gériintileme; yapay zeka.
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INTRODUCTION

Few topics have generated as much excitement, anxiety, and
clinical inertia within paediatrics as artificial intelligence (Al).
The general paediatrician is increasingly expected not only to
interpret clinical data but also to understand rapidly evolving
Al-related claims, tools, and risks: a regulator clears another
algorithm; a national academy issues guidance on chatbots in
clinic; a hospital pilots a sepsis predictor on the wards; a parent
arrives with a printed exchange from a large language model
(LLM) and a list of pointed questions about a rash. Within rou-
ghly a decade, Al has moved from the periphery of medicine to
a position where it touches triage, imaging interpretation, ele-
ctronic health record (EHR) documentation, dosing, and even
how parents prepare for the visit (1-3).

Paediatrics carries unique features that intensify both the pro-
mise and the risk of Al. Children are not small adults: physio-
logy, dosing, image appearance, disease epidemiology, and re-
ference ranges all change with age and developmental stage.
Paediatric datasets are smaller, rare outcomes are common,
and the data labels available to train models often reflect the
clinical world of adults rather than that of children (4, 5). Add
to this the special obligations of paediatric care: guardianship,
assent, lifelong consequences of misclassification, and the di-
gital literacy of the family. It becomes clear that paediatricians
cannot delegate the Al strategy.

This narrative state-of-the-art review is organised as a series of
compact “Al bits”: short, practical takeaways for the busy clinici-
an. We first summarise the core terminology so that the rest of
the article can be read fluently (Table 1 and Fig. 1). We then sur-
vey contemporary applications across five clinical domains, with
selected high-quality examples. We close with the cross-cutting
pitfalls of paediatric Al, an evaluation framework that fits into a
clinic day (Fig. 2), and the educational and governance implica-
tions for the next five years. The aim of this work is orientation
rather than exhaustive coverage. Once these pages have been
read, the paediatrician should be in a position to scrutinise an Al
claim, to put sharper questions to vendors and editors, and to
judge whether a given tool earns its place in the daily workflow.

SEARCH STRATEGY AND SCOPE

Consistent with a narrative-review design, sources were identi-
fied through PubMed, Scopus, and recent special issues dedica-
ted to Al in paediatrics, with hand-searching of the reference lists
of pivotal reviews. The search window ran from January 2017 to
April 2026, with the final pass completed on April 30, 2026. Wit-
hin this window, the terms “artificial intelligence,” “machine le-
arning,” “deep learning,” “large language models,” and “natural
language processing” were paired with “paediatric/pediatric,”
“child,” “children,” “neonatal,” and selected paediatric subspeci-
alty keywords. Peer-reviewed paediatric studies, regulatory and
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Table 1. Glossary of essential Al termino

Term

Plain-language definition

Artificial intelligence (Al)

Umbrella term for computer systems that perform

tasks usually requiring human cognition.

Machine learning (ML)

A subset of Al in which algorithms improve at a task

through exposure to data.

Deep learning (DL)

ML using multilayer neural networks, especially
powerful with images, signals and text.

Convolutional neural network (CNN)

DL architecture optimised for spatial pattern
recognition in images.

Recurrent / transformer network

DL architectures for sequences and language;
transformers underlie modern LLMs.

Natural language processing (NLP)

Techniques for understanding and generating
human language.

Large language model (LLM)

Generative model trained on massive text;
produces fluent answers and summaries.

Generative Al

Al that creates new content (text, images, audio).

Paediatric example

Al-enabled symptom checkers in primary care.

Predicting hospitalisation risk in paediatric
asthma.

Detecting fractures and pneumonia on chest
radiographs.

Scoliosis quantification; retinopathy of
prematurity grading.

PICU vital-sign streams; ambient clinical scribes.

Extracting child-abuse cues from unstructured
paediatric notes.

Parental education on developmental dysplasia
of the hip.

Reinforcement learning
outcomes.

Federated learning
model updates are shared.

Explainable Al (XAl)
to humans.

Augmented intelligence
replacement.

ethics guidance, and recent reviews addressing clinical imple-
mentation, validation, bias, explainability, and governance were
given priority. We used non-paediatric or non-peer-reviewed
sources for definitional or contextual purposes.

The review is narrative rather than systematic; therefore, no
formal PRISMA flow diagram was prepared, and we did not
attempt a meta-analytic synthesis. Limitations of this approa-
ch are acknowledged: narrative reviews are subject to selecti-
on bias by design. The rapidly moving field implies that some
emerging tools may not yet be reflected in the indexed literatu-
re at the time of writing.

CLINICAL AND RESEARCH IMPLICATIONS
Al Bits, Defined: A 60-Second Taxonomy

Artificial intelligence is a broad term for computer systems that
perform tasks usually tied to human cognition, including pat-
tern recognition, language understanding, and decision support
(1, 6). Within Al, machine learning (ML) denotes algorithms that
improve at a task by learning from data rather than explicit ru-
les. Deep learning (DL) is a subset of ML that uses multilayer ar-
tificial neural networks; convolutional neural networks (CNNs)
handle images well, while transformer-based networks under-
pin modern LLMs and increasingly handle a growing share of

Learning by trial-and-error rewarded for desired

Multi-site training where data stay local and only

Methods that make model reasoning interpretable

Framing Al as a clinician’s assistant rather than a

Drafting discharge summaries; synthetic
paediatric data for teaching.

Closed-loop ventilator weaning in neonatal care.

Pooling rare-disease cohorts across paediatric
centres.

Saliency maps highlighting suspicious regions on
a chest film.

Decision support that flags abnormal newborn
screen patterns.

EHR time series (1, 5, 7). Natural language processing (NLP) is
the family of techniques that enables computers to understand
and generate human language, and it is the motor of clinical
scribes, document summarisation, and chatbots (1, 8).

Two more terms now circulate in everyday clinical talk among
researchers. Generative Al describes systems that produce new
content (text, images, and code) and includes ChatGPT-class
LLMs. Federated learning describes training methods in which
models are updated across several hospitals without raw pa-
tient data leaving each site, a particularly attractive approach
for rare paediatric diseases (4, 9, 10). Figure 1 places these
terms in their nested relationship; Table 1 provides a glossary
intended for daily use, and Figure 2 maps how each of these
technologies enters and exits a paediatric clinical workflow.

Two practical clarifications matter for clinicians. First, what is of-
ten called “Al in medicine” today is, more precisely, augmented
intelligence. As Bhargava and Knake have argued, this software
serves as an assistant to the physician and not as a replacement
for the physician (1, 2). Second, Al tools are narrow in scope. A
model that detects retinopathy of prematurity is not the same as
a model that predicts sepsis, and validation in one task or popu-
lation does not carry over by default to another. This tight scope
is a strength when kept in mind and a danger when forgotten.
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Figure 1. Conceptual taxonomy of artificial intelligence with paediatric examples.
Nested rectangles show that machine learning is a subset of artificial intelligence and deep learning is a subset of machine learning. Selected paediatric exemplars are listed
for each level, including convolutional neural networks for imaging, transformer networks for electronic health record time series and large language models for parental
education and clinical documentation.

Where Al Is Already Useful in Paediatric Practice
Imaging and Dysmorphology

Image interpretation is reported to be the most mature appli-
cation of Al in paediatric medicine (Table 2). In selected narrow
tasks, such as scoliosis quantification, fracture and physical
injury detection, cystic fibrosis scoring on chest radiographs,
identification of tuberculosis and bacterial pneumonia patter-
ns, and automated grading in retinopathy of prematurity and
paediatric cataract, deep CNNs have reported performance
approaching that of paediatric subspecialists, with occasio-
nal reports of overlap under controlled test conditions; such
comparisons depend strongly on the test set, scanner, and
population used (3, 7, 11, 12). In dysmorphology, facial-ima-
ge classifiers can suggest candidate genetic syndromes, such
as trisomy 21, DiGeorge, and Goldenhar syndromes, from a
single photograph, supporting earlier referral in regions with
limited access to medical genetics (4, 7). The major caveats
are that paediatric-specific training data remain scarce relati-
ve to adult datasets and that performance characteristics of-

ten degrade when the Al is exposed to portable radiographs,
different scanners, or a different ethnic distribution than that
on which it was trained (3, 4, 13).

Risk Prediction and the Paediatric Intensive Care Unit

Al-based early warning systems are advancing rapidly in critical
care. Kamaleswaran and colleagues, working with nearly 500
children admitted to a paediatric intensive care unit (PICU),
trained an ML algorithm that flagged severe sepsis up to eight
hours earlier than the conventional electronic health record sc-
reen (3, 14). Even a modest lead time of this size may translate
into earlier antibiotic administration and a measurable reducti-
on in organ failure. Models for clinical deterioration, broncho-
pulmonary dysplasia (BPD) in preterm infants, and paediatric
urinary tract infection (UTI) in febrile children are emerging
from international consortia (5, 15). Closed-loop technology
has also reached the bedside: technology-driven automated
weaning of mechanical ventilation continuously titrates pres-
sure to a clinician-chosen tidal volume target, illustrating how
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an algorithm can perform a structured task tirelessly when su-
pervised (2). Paediatricians should ask whether such tools have
been prospectively validated in a population resembling their
own and how alerts are routed, displayed, and acted upon.

Chronic Disease and Behavioural Health

In asthma, ML has been used to predict hospitalisation risk from
EHRs combined with weather, neighbourhood characteristics,
and community viral load and to forecast the persistence of chil-
dhood asthma into later years (3). Smartphone microphones can
substitute for office spirometry, and inhaler-mounted sensors
fed into algorithms can identify environmental triggers and ad-
herence gaps (3, 16). For autism spectrum disorder, the device
evaluated by Megerian and colleagues, authorised by the United
States Food and Drug Administration, combines caregiver ques-
tionnaires, short home videos, and primary-care input to assist
diagnosis in children aged 18-72 months (3, 17). Such a tool may
shorten a wait that, in many regions, still exceeds four years from
the first parental concern and that falls hardest on girls and on
Black, Latino, or rural children. For attention-deficit/hyperactivity
disorder (ADHD), conduct disorder, and post-traumatic stress
disorder, ML models have shown promise for early screening,
severity quantification, and identification of clinically meaning-
ful subtypes (5, 18, 19). Finally, Al-driven cognitive behavioural
therapy chatbots reduced depressive symptoms in a randomised

Figure 2. The paediatric Al lifecycle: a practical six-step framework for the paediatrician.

The cycle moves from defining the clinical question, through data curation, training and internal validation, external or prospective validation, deployment with human
oversight and continuous post-market monitoring. A feedback loop returns lessons to the question-formulation step. Cross-cutting paediatric considerations should apply
at every stage: consent of minors, family or caregiver assent, developmental change, rare diseases and small samples, equity and data privacy under GDPR and the Turkish

trial in young adults, and their paediatric counterparts are being
studied as bridges across mental health waitlists (3, 20).

Genetics, Rare Disease, and Metabolic Screening

Paediatric Al shines where the data are at their most chal-
lenging: in rare diseases. Al-augmented rapid whole-genome
sequencing has been used to deliver provisional molecular
diagnoses to critically ill neonates within hours rather than
weeks, with measurable changes in management (3, 21). Pat-
tern-recognition systems now help screen for phenylketonuria,
mitochondrial disorders, and other inborn errors of metabolism
without a false-positive penalty, and rare-disease auxiliary diag-
nosis platforms can shortlist candidate disorders from clinical
phenotype data alone (5, 22). A large subset of rare diseases is
hereditary and affects children; for these families, even a mo-
dest reduction in the diagnostic odyssey is meaningful.

Therapeutics, Dosing, and the Operating Room

Paediatric pharmacokinetics are a paradigm case for perso-
nalisation, since size and maturity drive dose far more than
they do in adults. ML-based dosing models have been shown
to outperform conventional approaches for selected antibioti-
cs in children, including ceftaroline, by integrating weight, re-
nal function, and organism susceptibility (5). In peri-operative
care, an Al workflow tool was associated with a reduction in



Table 2. Selected paediatric Al applicat

Domain Representative tasks

Fracture and physical injury detection;
pneumonia and tuberculosis triage; scoliosis

Imaging &

dysmorphology
grading; retinopathy of prematurity; congenital
cataract; syndrome facial recognition.

Critical care & Sepsis, septic shock, BPD, UTI, deterioration
and mortality prediction; closed-loop

ventilation.

deterioration

Chronic disease & Asthma exacerbation and persistence
prediction; smartphone spirometry; autism,

ADHD, depression and PTSD support.

behavioural health

Rare disease &
genetics

Rapid whole-genome diagnosis in NICU/PICU;
phenylketonuria and metabolic screening;
phenotype-based rare-disease shortlisting.

Therapeutics &
workflow

Precision dosing; perioperative opioid
stewardship; ambient documentation; LLM-
based parental education.

opioid administration from 85% of surgeries to <1% in a paedi-
atric surgery centre, with implications for short-term recovery
and long-term opioid exposure (3, 23). Across these examples,
the algorithm augments the prescriber rather than replacing
pharmacological judgment.

Documentation, Communication, and Parental Education

Generative Al—specifically LLMs such as ChatGPT and clinical
equivalents—has shifted from novelty to daily use in only two
years (24, 25). For paediatricians, three categories deserve at-
tention. Ambient clinical documentation tools transcribe and
summarise encounters, returning structured notes for human
review and reducing keyboard time. Patient-facing chatbots can
deliver explanations of paediatric conditions at an acceptable
level of quality. In the comparative study by Li and colleagues,
three contemporary LLMs answered standardised questions
on developmental dysplasia of the hip with accuracy rates of
78-83% on independent specialist scoring, a result that places
these tools as a supplement to, and never a substitute for, pro-
fessional counselling (5, 24). Parents themselves now enter the
consultation having already “consulted” a chatbot; mixed-met-
hods studies of paediatric chronic-disease cohorts show that fa-
milies show greater intention to use clinically curated chatbots
than to use general-purpose LLMs, citing trust, credibility, and
clinician involvement as decisive factors (5, 26). The principal
risks are confident hallucinations, embedded bias, lack of pae-
diatric calibration, and misinformation about vaccines and ot-
her public-health-sensitive topics (8, 25).

JOUR UMRANIYE PEDIATR 2026;6(1):1-9

Illustrative tools/studies Maturity*

Mature in narrow
tasks; limited paediatric
external validation.

Paediatric chest-radiograph CNNs; retinal
screening systems; FDNA Face2Gene-type
platforms (3, 7, 11, 12).

Several FDA-cleared
adult tools; paediatric-
specific evidence
emerging.

PICU sepsis ML models with 8-h lead
time; automated ventilator weaning
algorithms (2, 3, 14, 15).

Smartphone-based spirometry;
FDA-authorised Al device for autism
(Canvas Dx); cognitive behavioural
therapy chatbots (3, 17, 18, 20).

Selected products
marketed; broader
evidence still maturing.

Rapid clinical translation
in tertiary centres.

Rapid whole-genome sequencing
pipelines; RDAD systems; ML-based
metabolic newborn-screening models
(3,21, 22).

ML-based ceftaroline dosing; OR Advisor
for opioid reduction; ChatGPT-class LLMs
for parental information (3, 5, 23, 24).

Rapidly evolving; close
human supervision
required.

*: Maturity descriptions are qualitative; AUROC: Area under the receiver operating characteristic curve; BPD: Bronchopulmonary dysplasia; CNN: Convolutional
neural network; FDA: Food and Drug Administration; LLM: Large language model; ML: Machine learning; NICU: Neonatal intensive care unit; PICU: Paediatric
intensive care unit; RDAD: Rare Disease Auxiliary Diagnosis system; UTI: Urinary tract infection.

Al Bits for Paediatricians
Small Samples, Rare Outcomes, and Developmental Change

The defining mathematical fact about paediatric Al is data
scarcity. Rare diseases, rare emergencies, and even common
diseases, when stratified by narrow age bands, quickly produ-
ce datasets too small for confident generalisation (4, 5, 9, 11).
Models trained on adolescents may underperform in toddlers,
and a model trained on toddlers in 2018 may underperform in
toddlers in 2026 because of changes in clinical practice, vac-
cination patterns, or coding habits, a phenomenon known as
dataset shift (5, 9). Multicentre and federated learning approa-
ches help, but no algorithm escapes the requirement for ongo-
ing surveillance after deployment.

Bias, Equity, and “Algorithmic Ageism”

Al faithfully reproduces the patterns on which it is trained, inc-
luding inequities (3, 9, 27). Demonstrated examples in paediat-
rics include diagnostic delays in autism for Black, Latino, female,
and rural children embedded in screening tools and pulse oxi-
metry algorithms that perform less accurately in children with
darker skin (3). The remedy is not to refuse Al but to demand
that vendors document the demographic composition of trai-
ning and validation cohorts, that developers explicitly test for
equity gaps, and that local users monitor performance by su-
bgroup. Children additionally need protection from “algorith-
mic ageism”: tools developed primarily for adults and silently
extrapolated downward without revalidation.



Sengiil D. Al for the busy paediatrician

Table 3. A five-minute appraisal checkli

Domain

Question to ask

Clinical question

Training data

Validation

Bias and equity

Workflow integration

Explainability

Privacy and consent

Post-deployment governance

Evidence base

Regulatory status

What exact decision will this Al improve, in which age group
and at what stage of care?

How many paediatric cases were used? What is the age, sex,
ethnicity, comorbidity and site distribution?

Was external or prospective paediatric validation performed?
What are AUROC, calibration and subgroup performance?
Has fairness been audited across race, sex, language, disability
and socioeconomic strata?

How is the output displayed, who can override it and what is
the expected alert burden?

Can you understand, at the case level, why the model
produced a given output?

Where do paediatric data flow? How is consent of the minor
and family handled?

Who monitors performance drift, equity and adverse events
after go-live?

Are peer-reviewed trials available with patient-oriented
outcomes, ideally aligned with CONSORT-AI / TRIPOD-AI?

Is the tool authorised for the intended paediatric use by FDA,
MHRA, EMA, or the Turkish Medicines and Medical Devices
Agency?

Red flag if...

Vendor describes a generic “platform” with
no specific decision target.

Training was adult-only or single-centre; no
demographic breakdown is provided.
Performance reported only on the training/
test split from one institution.

No equity analysis; minority subgroups
under-represented or unreported.
“Always-on” alerts with no override
pathway and unclear ownership.

Pure black box with no XAl layer or
rationale.

Data leave the institution to a vendor cloud
without clear safeguards.

No defined owner, dashboard, or audit
cadence.

Only conference abstracts, vendor white
papers, or in-silico claims.

Marketed as “CE-marked” only for adults
but offered for paediatric care.

Al: Artificial intelligence; AUROC: Area under the receiver operating characteristic curve; CE: Conformité Européenne; CONSORT-AI: Consolidated Standards of
Reporting Trials extension for Al; EMA: European Medicines Agency; FDA: Food and Drug Administration; MHRA: Medicines and Healthcare products Regulatory

The Black Box, Hallucinations, and Explainability

Many high-performing models, especially deep neural networks
and LLMs, do not transparently disclose how they reach a conclu-
sion. Saliency maps, counterfactual explanations, and rule extrac-
tion, collectively known as explainable Al (XAl), partially address
this, but a clinician should never feel compelled to act on an output
whose logic is opaque and that contradicts their clinical reasoning
(5, 9). LLMs additionally produce hallucinations: smooth-sounding
statements that are factually wrong, at times including fabricated
references. Therefore, the clinical use of LLMs requires both hu-
man verification of factual claims and institutional policies that
limit their unsupervised role in patient care (8, 25).

Privacy, Consent, and the Special Status of the Child

Children cannot meaningfully consent to the long-term reuse
of their data, but the consequences of such reuse may follow
them into adulthood. Several frameworks set out the basic righ-
ts that apply here: the European Union General Data Protection
Regulation (GDPR), the EU Al Act, and Turkiye’s Personal Data
Protection Law (KVKK) (4, 28, 29). Among these rights, the right
to erasure of personal data carries even greater weight when
the data belong to a child. In Tiirkiye, the secondary regulati-
on on the deletion, destruction, and anonymisation of personal
data operationalises these rights and is directly relevant to pa-

Agency; TRIPOD-AI: Transparent Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis extension for Al; XAl: Explainable Al.

ediatric data stewardship (29). Genetic, behavioural, and image
data deserve heightened protection. Paediatricians act as cus-
todians of paediatric data until the child grows into adult auto-
nomy; this responsibility must be reflected in informed consent
processes for any Al-related research or clinical use.

Regulatory and Clinical Maturity

More than 1000 Al-enabled medical devices have been authori-
sed by the FDA according to the agency’s public list, but the gre-
at majority were cleared for adult use, and few have undergone
prospective paediatric trials with patient-oriented outcomes (3,
4, 30). Existing regulatory pathways were not built for self-up-
dating algorithms; the FDA’s proposed predetermined change
control plans illustrate one direction, but local hospitals will still
need clear governance structures, including model registries,
performance dashboards, and incident reporting. The cautio-
nary tale of an early symptom-checker chatbot that overstated
its diagnostic accuracy in paediatric scenarios underlines the
cost of premature commercialisation (5, 31).

HOW TO READ AN Al CLAIM IN FIVE STEPS

When confronted with a new Al tool, the paediatrician can run
a five-step check that follows the same line of thinking used
for any new test. To begin with, what is the exact clinical ques-



tion and target population, including age stratum? Second, on
what data was the model trained, and is the demographic and
developmental composition close to that of the local populati-
on? Third, has external or prospective validation been carried
out in a paediatric cohort? If yes, how is performance reported:
sensitivity, specificity, area under the receiver operating charac-
teristic curve, calibration, and, where relevant, the results of fa-
irness audits? Fourth, how does the tool integrate into the EHR
and workflow, who acts on its outputs, and what is the alert
burden? Fifth, what is the post-deployment monitoring plan
for drift and harm? These five questions, summarised in Table
3, are deliberately compatible with a busy clinic schedule and
align with the paediatric Al lifecycle shown in Figure 2.

In clinical research, the same logic applies during peer review
and editorial work. Reporting standards such as STARD-AI, CON-
SORT-AI, SPIRIT-Al, TRIPOD-AI, and DECIDE-AI offer structured
checklists; familiarity with these instruments allows paediatri-
cians to comment on Al manuscripts even without a computer
science background (4, 9, 31).

EDUCATION, GOVERNANCE, AND THE NEXT
FIVE YEARS

Surveys consistently find that paediatric trainees and faculty re-
port low confidence in Al literacy, despite high enthusiasm for
its potential (3, 4, 32). Curriculum proposals such as MEd2030
explicitly add modules on biomedical informatics and Al, trans-
disciplinary collaboration, and the ethics of digital therapeuti-
cs; incremental local steps include adding Al critical appraisal
sessions to journal clubs, requiring Al tool review as part of
new-technology committees, and pairing each Al deployment
with an outcome audit at six and twelve months (3, 32). At the
institutional level, governance committees should include not
only clinicians and informaticians but also patient and family
representatives, ethicists, and equity champions (4, 5).

In Turkiye and the broader region, several near-term priorities
are visible. Paediatric-specific reference datasets are scarce in
Turkish-speaking populations and ought to be developed throu-
gh multicentre collaboration. Local validation of imported algo-
rithms should become the rule rather than the exception. The
case is sharpest for radiology, ophthalmology, and growth-as-
sessment tools, whose performance shifts with the acquisition
hardware and the reference norms in use. Family-facing LLM
use in vaccine counselling, infant nutrition, and adolescent
mental health needs Turkish-language quality benchmarks. Fi-
nally, residency training programmes would benefit from a defi-
ned Al core competency, articulated within existing paediatrics
curricula and assessed through structured cases.

CONCLUSIONS

Al is no longer a future technology in paediatrics; it is a present,
uneven, and consequential reality. The most important shift
required of the paediatrician is conceptual rather than techni-
cal: to read Al as augmented intelligence, narrow in scope and
dependent on the quality of the data and labels behind it. The
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next shift is practical. We must apply the same disciplined ques-
tions to an algorithm that we already apply to a new diagnostic
test or a new therapeutic approach: paediatric validation, equ-
ity audits, transparent reasoning, and clear post-deployment
governance. The final shift is collective: to engage early with
the design, evaluation, and regulation of paediatric Al so that
algorithms come to reflect the realities of children’s develop-
ment, family context, and lifelong stakes. Paediatricians who do
this will not merely use Al; they will shape it.
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