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Abstract

Artificial Intelligence (Al) and Precision Medicine represent foundational pillars for transforming
pediatric healthcare, as children exhibit age-specific pharmacokinetic variations requiring highly
personalized therapeutic approaches that make AI an indispensable tool for optimizing
pharmacological safety and efficacy. This review analyzes current Al applications in pediatric
precision pharmacotherapy, examining clinical opportunities and implementation challenges. Al
demonstrates tangible clinical impact across multiple domains: pharmacogenomics with predictive
models achieving R?=0.95 for drug exposure; adverse drug reaction prediction with 81.5% sensitivity
and 79.5% specificity; clinical decision support systems with 93.4% accuracy in pediatric epilepsy
diagnosis. Al implementation has reduced prescription distribution errors by 75% and improved
adverse drug reaction detection by 65%. However, significant gaps persist as only 0.38% of pediatric
AI models reach clinical testing level, and 77% of studies show high risk of bias. Al transforms
pediatric pharmacotherapy from empirical approaches to evidence-based predictive strategies,
converting pediatric vulnerability into an innovation catalyst. The technology shifts understanding
from correlation to causality, enabling personalized dosing and transforming pharmacovigilance into
proactive safety mechanisms. Successful implementation requires overcoming current limitations
including algorithmic bias, data quality issues, ethical considerations, and validation through
rigorous clinical studies specifically designed for pediatric populations. Future development of
sophisticated Al models promises enhanced precision, but real-world validation through
interdisciplinary collaboration remains imperative for building robust pediatric Al ecosystems that
optimize therapeutic outcomes for this vulnerable population.

Keywords: artificial intelligence; pediatrics; pharmacology; precision medicine

1. Introduction

The landscape of pharmacological therapy continues to evolve, driven by technological
innovations and an expanding understanding of human biological variability. In this context,
Artificial Intelligence (AI) and Precision Medicine emerge as foundational pillars for redefining
healthcare approaches, particularly in pediatric populations where challenges are both unique and
complex. The World Health Organization has emphasized Al's transformative potential in
healthcare, highlighting how big data utilization and analytical techniques can optimize diagnostic
and therapeutic processes, including the exploration of new therapies and drugs, identification of
optimal treatments based on predicted patient responses, and improvement of public health
monitoring [1].

Children cannot be considered simply "small adults,” as substantial age-related variations exist
across all pharmacokinetic phases—absorption, distribution, metabolism, and elimination. In
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neonates, reduced gastric acid secretion can increase bioavailability of acid-sensitive drugs while
decreasing that of weakly acidic compounds. Similarly, reduced bile salt formation can diminish
bioavailability of lipophilic drugs. Renal plasma flow and glomerular filtration rate are significantly
lower at birth and gradually increase, reaching levels comparable to those of adults by around one
year of age. [2]. These profound physiological differences necessitate highly personalized dosing and
therapeutic approaches for pediatric patients [3].

The recognition that children exhibit distinct disease symptoms, drug responses, and recovery
patterns compared to adults underscores the critical importance of precision medicine in pediatrics
[4]. Currently, there persists a significant unmet need for safe and effective drugs specifically
developed for preventing and treating diseases affecting children. This gap between pediatric
physiological complexity and available therapeutic solutions creates an imperative for Al
implementation, not merely as a technological advancement, but as an ethical and clinical necessity
to ensure safety and efficacy in one of the most vulnerable patient populations.

2. Artificial Intelligence and Precision Medicine: Theoretical Foundations and
Clinical Convergence

Al in healthcare refers to the application of advanced algorithms and systems capable of
processing complex information to support every phase of patient management, from diagnosis to
treatment [5]. The technology's core strength lies in analyzing vast and complex datasets to identify
subtle, non-obvious correlations —a fundamental process for developing personalized therapies and
refining treatment strategies and clinical outcomes. Neural networks have been successfully
employed to process histopathological images, discriminating disease presence, including rare
conditions, with high accuracy [6].

Machine Learning (ML) and Deep Learning (DL) models constitute the backbone of these
applications, excelling in complex data analysis, automated feature extraction, and multi-task
learning, thereby improving predictive accuracy in large biomedical datasets [7]. The medical sector
is inundated with growing volumes of heterogeneous data, ranging from genomic and proteomic
information to diagnostic images and electronic health records (EHR). Traditional methods struggle
to manage this volume and identify meaningful patterns, while Al's capacity to process "complex big
data" and discover "subtle correlations” positions it not merely as a processing tool, but as a lens that
renders visible and interpretable patterns and relationships that would otherwise be inaccessible or
too complex for human analysis or simpler statistical methods.

Precision Medicine represents an approach that aims to adapt diagnoses and treatments to
individual patient characteristics, considering genetic and metabolic aspects [8]. This paradigm is
based on individual variability to optimize prevention and treatment strategies, marking a crucial
transition from generic to "tailored" therapies. Despite its immense theoretical potential and promises
of superior clinical outcomes, the practical application of precision medicine in real-world settings
has not yet reached its full potential. One of the primary limitations lies in the ability to interpret
complex genomic anomalies and effectively match them with the most appropriate molecular drugs
or immunotherapies [9].

The integration of Al into precision medicine has already demonstrated revolutionary potential
in improving disease diagnosis, treatment, and prevention, inaugurating a new era in medical
practice. Al facilitates the identification of highly personalized treatments, considering patients'
genetic characteristics and lifestyle factors [6]. The convergence of these two disciplines promises to
revolutionize healthcare by enabling identification of patient phenotypes with less common
therapeutic responses or unique healthcare needs [10]. However, to maximize the value of Al-
mediated healthcare, it is imperative to ensure the quality and accuracy of utilized data, alongside
transparency and ethics in implementing algorithms and predictive models [11] (Figure 1).
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Figure 1. Illustrative diagram of the potential of artificial intelligence in pediatric precision pharmacotherapy:
pediatric data (genomic, clinical, EHR, imaging, wearable data) are integrated using Machine Learning (ML),
Deep Learning (DL), and Large Language Models (LLMs) to generate clinical solutions such as personalized
dosing, adverse drug reaction (ADR) alerts, diagnostic support, and the identification of new therapeutic targets.

The ultimate goal is to improve therapeutic outcomes in children.
3. Current Applications in Pediatric Precision Pharmacotherapy

3.1. Pharmacogenomics and Dosage Optimization

Alis revolutionizing pharmacogenomics (PGx) through its capacity to analyze complex datasets
and develop advanced predictive models. The integration of these technologies with PGx offers
potential for obtaining more precise, data-driven insights useful for identifying new drug targets,
predicting drug efficacy, optimal therapy selection, and estimating adverse event risk.
Pharmacogenomic variations in genes regulating drug disposition and therapeutic targets are
recognized as primary determinants of interindividual differences in drug response and toxicity.

ML models have significantly improved prediction of genetic variant effects by incorporating
DNA and protein sequence analysis, evolutionary conservation, and haplotype structures. Emerging
DL models employ sophisticated techniques to capture evolutionary and biophysical properties,
while ensemble approaches integrating multiple predictive models demonstrate greater accuracy,
robustness, and interpretability. The combined application of these tools improves functional effect
prediction of drug-related variants and offers a concrete strategy for translating comprehensive
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genomic information into clinically applicable pharmacogenetic recommendations in the near future
[12].

In pediatrics, Al enables creation of personalized treatment plans considering age, weight,
genetic markers, and patient clinical history, ensuring safer and more effective therapies. Al-guided
precision medicine can minimize side effects and improve treatment adherence, crucial factors in this
vulnerable population [3]. For instance, a recent study on tacrolimus pharmacokinetics in 139
children with refractory nephrotic syndrome combined population pharmacokinetic modeling with
six machine learning algorithms, identifying the Lasso model as the most accurate (R? = 0.42) for
predicting drug clearance based on genetic and clinical variables—supporting the feasibility of Al-
driven individualized therapy in pediatric pharmacogenomics [13]. Recent Al-based approaches,
such as interpretable neural networks coupled with adversarial training, have successfully identified
genetic variants in CERS6 and TLR4 associated with cisplatin-induced ototoxicity in pediatric cancer
patients, offering new insights for precision prevention strategies [14]. In a similar direction, a study
on mycophenolate mofetil in 171 Chinese pediatric patients with immune-mediated renal diseases
identified random forest as the best-performing model for predicting mycophenolic acid exposure
(AUC0-12h > 30 mg-h/L), with SHAP analysis highlighting albumin and hepato-renal function
markers as key predictors—enabling exposure-guided, individualized dosing strategies to reduce
proteinuria and improve outcomes [15]. Complementing these efforts, another investigation applied
ten different Al models to 614 MPA samples from 209 pediatric patients with autoimmune diseases,
demonstrating that the Wide&Deep model could accurately predict drug exposure with only three
blood samples (R? = 0.95), significantly reducing patient discomfort without compromising clinical
precision [16]. Along the same lines, a recent systematic review analyzing 59 studies on
chemotherapy-induced toxicities in children with solid tumors found consistent pharmacogenomic
associations—such as ABCC2, MTHFR, and SXR with methotrexate-induced hepatotoxicity and
myelosuppression, and SLC28A3, CELF4, and RARG with anthracycline-related cardiotoxicity —
despite inter-study variability, underscoring the potential of Al-supported PGx to refine pediatric
oncology treatments [17].

Reinforcing this trajectory, a novel Al assistant powered by GPT-4 and enhanced through
retrieval-augmented generation (RAG) demonstrated high efficacy in interpreting pharmacogenomic
test results using CPIC-based knowledge. Compared to GPT-3.5, the assistant provided more
accurate and context-relevant responses, particularly in provider-focused queries, highlighting the
promise of generative Al in clinical decision-making and equitable access to personalized medicine
[18]. The vast expanse of "millions of rare variations" makes their functional characterization and
practical precision medicine implementation extremely challenging. Al, particularly ML and DL, can
analyze these complex datasets while integrating information such as evolutionary conservation and
biophysical properties, suggesting that Al not only identifies simple correlations but can infer more
complex functional effects and potentially causal relationships between genetic profiles and drug
outcomes. Table 1 presents a summary of the various applications of artificial intelligence in the
context of drug dosing.

Table 1. Applications of Artificial Intelligence in Pediatric Precision Pharmacotherapy.

Application Area Pediatric Population Al Model Main Results Reference
Pharmacogenomics and 139 children Wlth, . R?=0.42 for tacrolimus
refractory nephrotic Lasso Regression [13]
dosage clearance
syndrome
. . Pediatric oncology Neural Network + Identified CERS6 and TLR4
Ototoxicity prevention . . . . [14]
patients Adversarial Training variants
171 child ith AUC0-12h > ‘h
Mycophenolate mofetil cidren wi Random Forest + ueo 30 mgh/L,
autoimmune renal accurate exposure [15]
exposure . SHAP L
diseases prediction
Predictive dosing with 209 children with Wide & Deep ~ R?2=0.95 with only 3 blood [16]
few blood samples autoimmune diseases Network samples
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Gene associations with
MTX/anthracycline-related  [17]
toxicities

Chemotherapy-induced Children with solid Systematic AI-PGx
toxicity tumors analysis

3.2. Adverse Drug Reaction Prediction

Al-assisted prediction of Adverse Drug Reactions (ADRs) has significant potential for
improving drug safety and reducing healthcare costs. While initial studies relied on limited
dimensions such as drug molecular structure or biomolecule interactions, integration of multiple
characteristics now provides valuable insights from diverse perspectives, improving completeness
and accuracy of predictive models. A fusion deep learning model developed for ADR prediction
utilized four modules to extract information on drug molecular structure, drug-protein interaction
data, and drug similarity. This model demonstrated remarkable performance on reference datasets,
with ROC-AUC of 0.7002, AUPR of 0.6619, and F1 score of 0.6330.

The model's AUPR showed significant improvement over conventional multi-label classifiers
(from 64.02% to 66.19%) and surpassed state-of-the-art methods on the LIU dataset (from 34.65% to
68.82%), highlighting its greater accuracy and robustness [19]. A systematic review on ML algorithms
in pharmacovigilance for ADR prediction in hospitalized patients analyzed 13 studies, revealing that
for models in development phase, meta-analysis showed aggregated sensitivity of 78.1% and
specificity of 70.6%. Studies including external validation achieved superior performance, with
aggregated sensitivity of 81.5% and specificity of 79.5% [20]. Furthermore, Al implementation in
hospital pharmacies led to reduction of prescription distribution errors up to 75% and improvement
in adverse drug reaction detection up to 65% [21].

Recent advances in ML-based ADR prediction demonstrate substantial progress across diverse
clinical applications (predominantly adult populations). A comprehensive meta-analysis of 59
studies covering 15 drugs and 15 ADEs revealed strong overall performance of ML models, with
average AUC of 76.68% + 10.73%, accuracy of 76.00% + 11.26%, sensitivity of 62.35% * 20.19%, and
specificity of 75.13% #* 16.60%. Random forest emerged as the most frequently used algorithm,
followed by support vector machine, XGBoost, decision tree, and LightGBM [22]. Machine learning
approaches utilizing in vitro target-based pharmacology have identified 221 target-ADR associations,
including established relations such as hERG binding with cardiac arrhythmias and novel
associations like PDE3 with 40 different ADRs [23].

Notably, a study applying machine learning techniques to predict adverse drug events in
Chinese pediatric inpatients (n = 1,746) with a median age of 3.84 years, demonstrated that the
Gradient Boosting Decision Tree (GBDT) model significantly outperformed traditional Global
Trigger Tools (44% vs. 13.3% in precision), while identifying key risk factors such as BMI, number of
doses and drugs, and hospital stay length. This work highlights the feasibility and clinical value of
ML-based ADR prediction in pediatric populations [24]. In the neonatal setting, a prospective cohort
study applied a machine learning-based risk score to predict ADRs among 412 critically ill neonates,
achieving a high classification accuracy (c-index: 0.914) based on key variables such as drug class,
underlying conditions, and treatment characteristics—demonstrating the concrete potential of Al for
early risk stratification and preventive pharmacovigilance in this highly vulnerable group [25].

Similarly, a study of 3,152 ADR reports in Malaysian children tested four digital signal detection
algorithms and showed that Multi-item Gamma Poisson Shrinker (MGPS) had the highest sensitivity
(20%) and negative predictive value (23%), while all methods achieved 100% specificity and positive
predictive value, confirming the effectiveness of digital pharmacovigilance systems for early
identification of serious pediatric ADRs [26].

In pediatric tuberculosis, an AutoML-based gradient boosting model achieved high predictive
performance for drug-induced liver injury (AUC = 0.838 on training set, 0.784 on testing set),
identifying rifampicin Cmax and BMI as the most influential risk factors, and offering a promising
tool for early clinical intervention [27]. Generative Al applications in pharmacovigilance show
particular promise for enhanced adverse event detection, data-driven risk prediction, and optimized
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drug development, with the potential to streamline pharmacovigilance procedures through
automation and big data processing [28].

These findings demonstrate Al's capacity to transform pharmacovigilance from a reactive
monitoring system to a proactive safety mechanism. This paradigm shift can lead to earlier
interventions, reduced patient harm, and significant cost savings in healthcare systems, particularly
beneficial in pediatric settings where adverse events can have long-term consequences on
development and quality of life. Table 2 summarizes the artificial intelligence models developed to
predict adverse drug reactions in pediatric populations

Table 2. AI Models for Predicting Adverse Drug Reactions (ADR) in Pediatric Populations.

Study Population Al Model Main Results Reference
ADR in hospitalized 1,746 children = Gradient Boosting Precision 44% vs. 13.3% for GTT;
Chinese pediatric (median age 3.84  Decision Tree BMI, number of doses and drugs, [24]

patients years) (GBDT) and hospital stay length
ADR in critically ill 412 critically ill ~ ML-based Risk C-index = 0.914; effective ADR 25]
neonates neonates Score prediction
Digital signal detection 3,152 pediatric ADR Specificity/PPV = 100%; MGPS
. . . MGPS - [26]
in Malaysian children reports sensitivity = 20%
Hepatotoxicity in Children treated AutoML + AUC = 0.838 (train), 0.784 (test); 27]
pediatric tuberculosis ~ with rifampicin  Gradient Boosting ~Cmax and BMI most predictive
Mixed- R Forest
Meta-analysis of 59 olxziaziri Ss/lll\(/:[b; GB(z)r(fsst’ AUC =76.68%; Accuracy = 76.00%; 22]
ADRstudies . Popwiaton ’ ' Sensitivity = 62.35%
including pediatrics etc.

3.3. Drug Discovery and Repositioning

Al can radically transform the drug discovery and early development process, addressing
notable inefficiencies of traditional methods characterized by high costs, long timelines, and low
success rates [29]. Al can improve every phase of this process, from molecular target identification to
new molecule discovery and early clinical development. Through multiomics data analysis and
network-based approaches, Al can identify new oncogenic vulnerabilities and key therapeutic
targets. Advanced Al models like AlphaFold (Google) can predict protein structures with high
accuracy, facilitating "druggability" assessments and structure-based drug design.

Al not only accelerates virtual screening of compound libraries but also enables de novo drug
design, creating molecular structures optimized for specific biological properties [30]. Repositioning
of existing drugs, a process significantly facilitated by Al, can drastically reduce time, costs, and risks
associated with new drug development, offering a valuable avenue for addressing unmet medical
needs. Al excels in analyzing large-scale datasets, identifying complex patterns in drug responses,
and formulating predictions for potential drug repositioning [31].

The traditional drug discovery process is notoriously slow, expensive, and has a high failure
rate. Al's capabilities in analyzing vast datasets, predicting protein structures, and conducting virtual
screening radically transform this process, dramatically increasing efficiency and reducing time and
costs. This acceleration is particularly critical for pediatric diseases, many of which are rare and lack
approved treatments [32]. By making drug discovery more efficient, Al can potentially address
significant unmet medical needs in pediatric pharmacotherapy, bringing new therapies to children
more rapidly.

3.4. Clinical Decision Support Systems

Al holds significant potential in supporting physicians in formulating more accurate diagnoses
[33] and improving clinical decision-making through augmented intelligence [10]. Al-enabled
Clinical Decision Support Systems (CDSS) can reduce diagnostic errors, enhance clinical intelligence
supporting decisions, and assist physicians in extracting data from electronic health records (EHR)
and documentation activities. Al can provide physicians with instant access to updated scientific
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information and evidence, fundamental for supporting timely, evidence-based clinical decisions.
Additionally, Al can facilitate continuous monitoring and management of patient treatment over
time [11].

LLMs are gaining ground in healthcare environments, offering decision support and assisting
in documentation and communications [34]. A concrete example is the application of LLaMA that
accurately classified clinical notes containing side effect requests (sensitivity = 87.2, specificity = 86.3,
AUC = 0.93) in a pediatric ADHD medication management context, demonstrating the ability to
scalably measure care quality [35]. These findings position Al as a "cognitive co-pilot,” improving
clinicians' ability to make informed decisions while maintaining human oversight as a central
element.

Broader clinical applications demonstrate substantial AI-CDSS effectiveness across diverse
healthcare settings, predominantly adult populations. Al systems for clinical trial eligibility screening
achieved accuracy, sensitivity, and specificity greater than 80% in determining patient eligibility for
breast cancer clinical trials, potentially increasing screening efficiency while accurately excluding
ineligible patients [36]. In cardiovascular care, Al demonstrated remarkable performance in
arrhythmia detection, achieving sensitivity and specificity greater than 96% for atrial fibrillation
identification [37]. Cardiovascular CDSS applications show promise in risk assessment, emergency
department differential diagnosis, and imaging-based approaches for coronary artery disease
management, with Al-guided risk stratification potentially reducing patient numbers needed for
targeted screening programs [38].

Primary care implementations reveal varying outcomes, with AI-CDSS demonstrating potential
for managing diverse patient populations while maintaining up-to-date medical knowledge [39].
However, challenges persist in interpretability and transparency of Al models, particularly deep
learning systems characterized by black-box nature, posing difficulties for clinicians seeking to
understand Al-driven recommendations. The generalizability and robustness of Al models across
diverse patient populations and clinical settings remain critical challenges, with algorithms
potentially exhibiting performance disparities across demographic groups [40]. These predominantly
adult-focused findings highlight both the transformative potential and implementation challenges of
AI-CDSS, emphasizing the need for pediatric-specific validation and development.

4. Disease-Specific Applications

4.1. Pediatric Oncology

Al is fundamental in oncological drug discovery and development, facilitating target
identification, virtual screening, and de novo drug design. Al-based predictive models can assess
drug toxicity in silico and identify specific biomarkers for patient stratification and personalized
treatment approaches [41]. Recent overviews confirm that Al is increasingly shaping both adult and
pediatric oncology by supporting diagnostic accuracy, risk stratification, and treatment
personalization, while also raising important ethical considerations for its responsible clinical
deployment [42]. An innovative approach for predicting cancer drug response (CDR) integrates the
scGPT model within the DeepCDR model, using gene expression data embeddings. This scGPT-
based method demonstrated superiority over previous work, including the original DeepCDR model
and scFoundation-based model. The scGPT-based approach showed steady improvement during
training, starting at approximately 0.80 Pearson Correlation Coefficient (PCC) and reaching above
0.90, while maintaining superior training stability compared to the scFoundation model, which
exhibited significant fluctuations throughout the training process. In leave-one-drug-out testing, the
scGPT model consistently achieved higher PCC gains across various drugs compared to both
alternative methods, demonstrating enhanced predictive capability for unseen drugs. Notably, the
approach achieved highly accurate predictions for specific cases, including Low-Grade Gliomas as
the best-performing cancer type and Tubastatin A among individual drug predictions [43].
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MADRIGAL, a multimodal Al model, can learn from structural, pathway, cell viability, and
transcriptomic data to predict effects of drug combinations on 953 clinical outcomes and 21,842
compounds, surpassing single-modality methods and state-of-the-art models in predicting adverse
drug interactions. The model uses a transformer bottleneck module to unify preclinical drug data
modalities while handling missing data during training and inference, addressing a major challenge
in multimodal learning. MADRIGAL successfully predicted resmetirom, the first and only FDA-
approved drug for metabolic dysfunction-associated steatohepatitis (MASH), among therapies with
the most favorable safety profile. The system supports personalized cancer therapy by integrating
genomic profiles from cancer patients and demonstrated efficacy prediction capabilities using
primary acute myeloid leukemia samples and patient-derived xenograft models for personalized
drug combinations [44]. For acute lymphoblastic leukemia (ALL), a single-cell proteomic approach
accurately predicted future relapse with 38% higher precision than standard prediction methods [45].
Another study demonstrated that a Long Short-Term Memory (LSTM) model achieved 100%
accuracy in classifying leukemia types, a crucial result for treatment stratification and reducing
unnecessary toxicities [46]. Accurate classification enables selection of the most effective drugs for a
specific leukemia subtype, reducing unnecessary toxicities and improving cure rates, representing a
significant step toward more effective precision medicine in pediatric oncology.

Further strengthening the role of Al in supportive pediatric oncology, a predictive model based
on the C5.0 decision tree combined with SMOTE reached an AUC of 0.807 in identifying children at
risk for delayed high-dose methotrexate (HD-MTX) clearance—outperforming conventional
nomogram-based approaches and supporting early clinical intervention [47].

In a related application, a model combining random forest with adaptive synthetic resampling
achieved excellent performance in predicting neutropenia (AUC = 0.927, sensitivity = 93.5%,
specificity = 92.0%) and fever (AUC = 0.870) following HD-MTYX, offering a valuable tool to anticipate
complications and improve therapeutic decision-making in pediatric leukemia [48].

Similarly, in pediatric acute myeloid leukemia (AML), machine learning models trained on
electronic medical records achieved an AUC of 0.748 for predicting bloodstream infections, with
improved specificity over neutropenia by 37.5%, supporting early infection risk stratification and
guiding prophylactic strategies such as levofloxacin-vancomycin administration [49].

Reinforcing the relevance of ML in pediatric oncology, a recent study developed an extreme
gradient boosting (XGB) model to estimate the risk of chemotherapy-induced myelosuppression in
children with Wilms’ tumor, achieving excellent predictive performance (AUROC =0.981 in training,
0.896 in testing) and identifying key predictors such as hemoglobin, white blood cell count, and
albumin—offering a clinically valuable tool to anticipate hematologic toxicity and guide early
supportive interventions [50].

4.2. Pediatric Infectious Diseases

Al has potential to improve antimicrobial resistance prediction and optimize antibiotic
prescriptions, supporting treatment strategies and bridging critical gaps in healthcare. ML models
such as random forests and gradient-boosted decision trees have been used to predict antimicrobial
resistance and optimize antibiotic selection by analyzing large datasets to discover actionable
patterns [51]. In pediatric sepsis context, which causes over 72,000 annual hospitalizations in the
United States with significant mortality and morbidity, a predictive Al model called "Sepsis on ED to
PICU Disposition" (SEPD) was developed and validated to accelerate antibiotic therapy.

The SEPD model outperformed a vendor-developed sepsis model with AUROC of 81.8% versus
57.5%, demonstrating better precision-recall performance and more balanced identification of true
positives. During "silent" implementation, the SEPD model maintained similar sensitivity (85.29%)
and specificity (60.45%) to those observed during model testing. This model can facilitate
identification and timely treatment of sepsis in high-risk pediatric patients [52].

In neonatal care, an ML-based clinical decision support system using the CatBoost algorithm
was shown to reliably guide -lactam antibiotic dosing across five commonly used drugs. It achieved
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over 80% prediction accuracy in real-world validation and improved key performance metrics
compared to population pharmacokinetic models, with a 58.2% average increase in the probability of
achieving therapeutic targets when compared to guideline-based dosing [53].

Similarly, in efforts to monitor antibiotic appropriateness in outpatient pediatrics, a generative
language model—based on Llama 3.1 and refined via few-shot learning and chain-of-thought
prompting—was able to identify 94.7% of clinical notes that justified antibiotic use in pediatric
sinusitis and 66.2% of those where it was inappropriate, offering a scalable tool for real-time
stewardship interventions via EHR integration [54].

In the context of vancomycin management, which is particularly complex in younger children
due to rapid physiological changes, an XGBoost model trained on pediatric patients under 4 years of
age predicted trough concentrations with good accuracy (R? = 0.59; MAE = 2.55), highlighting renal
function as a key predictor [55]. A separate ensemble model, developed using data from 407 children,
combined algorithms such as GBRT, Bagging eXtraTree, and decision trees, achieving even better
predictive metrics (R? = 0.614; prediction accuracy within +30% of true values in 51.22% of cases),
significantly outperforming traditional pharmacokinetic models [56].

The role of Al in improving time-sensitive conditions such as pediatric sepsis has also been
demonstrated in a study that employed a graph neural network with deep forest modeling to predict
sepsis onset in real time. The model reached AUCs of 93.63%, 96.73%, and 97.58% across successive
diagnostic stages, with F1 scores progressively increasing to 86.48%, allowing for significantly earlier
diagnosis and intervention [57].

More broadly, in febrile infants <60 days of age (n=1470), a random forest model using just four
clinical and laboratory features (urinalysis, white blood cell count, absolute neutrophil count,
procalcitonin) achieved a remarkable sensitivity of 98.6% and specificity of 74.9%. This approach
could reduce unnecessary lumbar punctures by nearly 70%, without compromising diagnostic safety
[58].

In critically ill children, a random forest-based diagnostic model distinguished sepsis from non-
infectious SIRS using eight routinely available variables, achieving an AUC of 0.78 in validation set
and outperforming conventional biomarkers like CRP or procalcitonin alone—potentially reducing
unnecessary antibiotic use by up to 30% in SIRS cases [59].

Lastly, in cases of pediatric pharyngitis—a frequent cause of inappropriate antibiotic use—an
ML model based on support vector machines showed strong potential as a diagnostic aid, with a
positive predictive value of 80.6% in distinguishing Group A streptococcal infections from viral
etiologies, contributing to more targeted treatment strategies and reduced antimicrobial misuse [60].

Beyond pediatric-specific applications, Al has demonstrated significant advances in
antimicrobial stewardship across clinical settings. The APEX Generative Optimization (APEX GO)
framework, a generative Al system integrating transformer-based variational autoencoders with
Bayesian optimization, achieved an outstanding 85% ground-truth experimental hit rate and 72%
success rate in enhancing antimicrobial activity against clinically relevant Gram-negative pathogens
[61]. Al-enabled clinical decision support systems have shown remarkable improvements over
traditional rule-based approaches, with one study demonstrating enhancement of sensitivity from
26.44% to 80.84% and specificity from 99.23% to 99.95% in holistic healthcare prediction for inpatients
[62].

Machine learning models have achieved high accuracy rates in predicting antibiotic resistance
without relying on traditional antibiogram methods. In a Turkish study analyzing clinical data from
103 patients with Escherichia coli infections, models demonstrated accuracy rates of 98% for
fosfomycin, 98% for levofloxacin, and 96% for ertapenem predictions [63]. A Spanish study predicting
antibiogram results for multidrug-resistant bacteria in intensive care units achieved highest accuracy
(77%) and specificity (82%) with random forest classifiers, while highest sensitivity (69%) and ROC-
AUC (76%) were obtained using Chi-square feature selection with logistic regression or XGBoost
classifiers [64].
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Telemedicine platforms leveraging Al algorithms have optimized antibiotic prescribing
practices, with a study demonstrating slightly higher guideline-concordant antibiotic management
in telemedicine visits (92.5%) compared to in-person visits (90.7%) for acute respiratory tract
infections [65]. Furthermore, semi-supervised ensemble learning methods for urinary tract infection
diagnosis have proven more accurate than traditional urinalysis or urine culture for UTI prediction,
potentially reducing unnecessary antibiotic treatments and associated resistance development [66].

4.3. Pediatric Neurological Diseases

Al has demonstrated strong potential in pediatric epilepsy diagnosis and monitoring, often
matching clinical accuracy. Al-based decision support achieved 93.4% accuracy in diagnosis, aligning
closely with expert evaluations. Specific methods such as EEG-based Al for interictal discharge
detection showed high specificity (93.33%-96.67%) and sensitivity (76.67%-93.33%). Neuroimaging
approaches using resting-state functional MRI (rs-fMRI) and diffusion tensor imaging (DTI) achieved
up to 97.5% accuracy in identifying microstructural abnormalities [67].

A systematic review and meta-analysis included 28 studies on ML and DL efficacy in pediatric
epileptic seizure monitoring. For ML models in training set, aggregated sensitivity was 0.77 (95% CI
0.73-0.80), specificity was 0.74 (95% CI 0.70-0.77), and accuracy was 0.75 (95% CI 0.72-0.77). In
validation set, ML aggregated sensitivity was 0.88 (95% CI 0.83-0.91), specificity was 0.83 (95% CI
0.71-0.90), and accuracy was 0.78 (95% CI 0.73-0.82). For DL models in validation set, aggregated
sensitivity was 0.89 (95% CI 0.85-0.91), specificity was 0.91 (95% CI 0.88-0.93), and accuracy was 0.89
(95% CI 0.86-0.92). The study concludes that DL algorithms appears to offer greater detection
accuracy than ML algorithms [68].

4.4. Pediatric Rare Genetic Diseases

Rare diseases are often difficult to diagnose due to their low incidence and symptom overlap
with more common conditions. Al, particularly LLMs, is improving differential diagnosis of rare
diseases. The RareScale system was designed to improve differential diagnoses of rare diseases
directly from medical history dialogues. This approach improved Top-5 accuracy by over 17%
compared to baseline "black-box" LLMs. Specifically, on dialogues generated by gpt-40, Top-5
accuracy improved from 56.7% to 74.1%. On Claude test sets, Top-5 accuracy improved from 56.69%
to 71.41%. Top-1 accuracy also showed improvements, increasing from 28.65% to 33.12% for gpt-4o
and from 30.65% to 33.23% for Claude [69].

By 2033, the drug development pipeline for pediatric-onset rare diseases is expected to result in
approximately 45 new product approvals, alongside a 14% increase in the number of patients treated
annually and a projected $10.7 billion rise in gross drug revenues, growing from $28.2 billion in 2023
to $38.9 billion in 2033. Despite these advances, the pace at which new rare diseases are being
identified is likely to surpass the rate at which new treatments become available. It is anticipated that
95% of pediatric-onset rare diseases will still lack approved therapies over the next decade, and even
among the remaining 5%, existing options will often be insufficient to meet clinical needs [32].

5. Discussion

The integration of Al into pediatric precision pharmacotherapy represents a paradigmatic
transformation that addresses fundamental challenges inherent to pediatric medicine, yet its
implementation reveals a complex landscape of promises and substantial barriers requiring critical
examination (Figure 2).
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Figure 2. Illustrative diagram highlighting key applications of Al in pediatric pharmacotherapy, including
personalized dosing, ADR prediction, clinical decision support, drug repurposing, pharmacogenomics, and rare

disease diagnostics—aimed at improving safety and efficacy of treatments in children..

Current evidence demonstrates remarkable clinical achievements: Al implementation in
hospital pharmacies has achieved up to 75% reduction in prescription distribution errors and 65%
improvement in adverse drug reaction detection [21]. The demonstrated capabilities of Al in
analyzing complex, patient-specific data to personalize treatments represent an ideal solution for
addressing the inherent complexity of pediatric populations, where physiological distinctiveness
characterized by age-dependent pharmacokinetic and pharmacodynamic variations creates high
uncertainty in drug response and increased risk of adverse effects. However, a critical
implementation gap persists between research potential and clinical reality. Recent systematic
analyses reveal that of 262 pediatric Al studies, only one model (0.38%) reached technology readiness
level 8, indicating actual clinical testing [70]. Furthermore, 77% of pediatric Al studies demonstrate
high risk of bias, primarily due to insufficient sample sizes [71].

The economic landscape of healthcare Al demonstrates substantial growth, with the global
market reaching $26.57 billion in 2024 and projected to reach $187.69 billion by 2030, representing a
compound annual growth rate of 38.5% [72]. Despite this growth, implementation costs remain
significant, ranging from $50,000 to $300,000 for small clinics [73]. Organizations implementing
ambient Al for clinical documentation report 15% improvements in charge capture and 60% better
quality code capture [74]. However, economic barriers persist, with over one-third of healthcare
technology leaders citing financial constraints as the main obstacle to Al adoption, and nearly 30%
reporting doubts about the financial benefits of these investments [75].

The concept of age-related algorithmic bias emerges as a critical consideration unique to
pediatric Al implementation. Sources of algorithmic bias affecting children and young people may
arise from lack of transparency in participant age reporting, inadequate clinically and
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developmentally appropriate representation of children, and inappropriate generalizations made to
the pediatric population from adult data [76]. Recent evidence demonstrates that some LLMs show
substantial performance decreases when addressing pediatric versus adult medical questions, with
models like Gemini 2.0 Flash showing about 10.3 percentage point decline (81.24% vs 70.96%) in
pediatric questions [77]. Healthcare Al systems are particularly susceptible to bias because they
reflect the training data, and if models are trained predominantly on data from certain demographic
groups, they may underperform when applied to underrepresented populations [78]. The ACCEPT-
Al framework has emerged as a comprehensive approach to mitigate these challenges, incorporating
six key sections: age, communication, consent and assent, equity, protection of data, and
technological considerations [76]. This framework provides actionable recommendations for
researchers, regulators, and clinicians to ensure equitable, ethical, and appropriate representation of
children and young people in AI/ML research.

The availability of high-quality, age-specific pediatric data represents one of the primary
limitations for developing robust Al models [79]. Pediatric datasets are typically smaller compared
to adult ones, limiting ML model effectiveness and generalizability. Privacy concerns further limit
data sharing between institutions, leading to restricted datasets for model training. Recent
publication trends demonstrate exponential growth in pediatric Al research, with projections
suggesting 2024 could cross 300 original studies integrating pediatrics and machine learning [80].
This pediatric-specific growth mirrors the broader expansion of Al research in healthcare, which has
increased from 158 articles (3.54%) in 2014 to 731 articles (16.33%) by 2024 [81]. However, this
quantitative growth has not translated proportionally into clinically validated applications. A
comprehensive analysis of Al implementation in pediatric clinical settings found that among 126 full-
text articles examined, only 17 met inclusion criteria for Al implementation in pediatric clinical
settings, with 30% showing no differences in clinical outcomes. Among pediatric Alimplementations,
only 47% reported both clinical outcomes and process measures, while 35% reported only process
measures [82], highlighting the need for standardized reporting of outcomes, care processes, and
human performance measures in pediatric Al research.

Current applications demonstrate tangible clinical impact across multiple domains. In
pharmacogenomics, Al's ability to integrate evolutionary conservation and biophysical properties
suggests movement beyond simple correlations toward inferring complex functional effects between
genetic profiles and drug outcomes [12]. This capability is fundamental for truly personalized dosing,
especially for drugs with narrow therapeutic indices commonly used in pediatric oncology, where
accurate dosing based on individual metabolism can prevent severe toxicities or ensure therapeutic
efficacy. The transformation of pharmacovigilance from reactive monitoring to proactive safety
mechanisms through Al-predicted adverse drug reactions represents a paradigm shift with particular
significance in pediatrics, where adverse events can have long-term developmental consequences.
However, implementation requires addressing significant ethical considerations. The ACCEPT-AI
framework specifically addresses the ethical use of pediatric data in Al research, emphasizing age-
appropriate consent processes, data protection, and prevention of algorithmic discrimination [76].
Healthcare professionals require urgent training and orientation to Al applications, as training
algorithms often require large datasets that pose challenges when building unbiased Al algorithms
in pediatric populations with small sample sizes [83].

Despite the abundance of published pediatric Al models, the number of Al implementations in
clinical practice is minimal, and standardized reporting of outcomes, care processes, or human
performance measures is lacking. The clinical decision support capabilities demonstrate promise,
with Al-based systems achieving 93.4% accuracy in pediatric epilepsy diagnosis [67] and Al-enabled
clinical decision support systems showing enhancement of sensitivity from 26.44% to 80.84% in
healthcare prediction for inpatients [62]. However, challenges persist in interpretability and
transparency of Al models, particularly deep learning systems characterized by black-box nature,
posing difficulties for clinicians seeking to understand Al-driven recommendations. The "black box"
nature of Al algorithms is particularly problematic in pediatric contexts, where transparency and
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clinician trust are paramount for ensuring safe decision-making in this vulnerable population [84].
As noted by Shortliffe, the reasoning behind Al decisions should be transparent for clinicians to
comprehend the rationale, as black box algorithms lack the interpretability required for clinical
contexts where understanding the decision-making process is essential for patient safety [85]. This
challenge is amplified in pediatrics, where the consequences of misdiagnosis or inappropriate
treatment can have profound long-term developmental impacts. The development of explainable Al
(XAI) techniques specifically tailored for pediatric applications represents a critical research priority
to bridge the gap between AI performance and clinical acceptability [86]. Terminology
standardization represents an important, often overlooked aspect requiring agreed definitions within
respective healthcare systems. Many different terms are used in precision medicine literature,
including personalized, individualized, stratified medicine, and precision dosing [87].

A critical gap in the current literature is the scarcity of studies specifically designed to evaluate
Al applications in pediatric pharmacotherapy. While numerous Al models demonstrate promising
results in adult populations or mixed-age cohorts, dedicated pediatric-focused investigations remain
limited. This represents a significant limitation given the unique physiological, pharmacokinetic, and
safety considerations that distinguish pediatric from adult pharmacotherapy. The absence of age-
specific validation studies raises concerns about the direct applicability of current Al models to
pediatric populations and underscores the urgent need for pediatric-centered research initiatives that
can validate Al-driven therapeutic decisions in this vulnerable population. Future research must
prioritize real-world validation through rigorous clinical studies and standardized outcome
reporting. Emerging techniques including increasingly sophisticated LLMs and multimodal data
integration promise to further refine Al precision and applicability [88]. However, successful
implementation will require sustained commitment to addressing current limitations while
maintaining focus on optimizing therapeutic outcomes for this vulnerable population.

6. Conclusions

The convergence of Artificial Intelligence and Precision Medicine creates a promising paradigm
for pediatric therapeutic decision-making. Children's unique physiological characteristics make Al
an indispensable tool for transforming pediatric vulnerability into innovation catalyst.

Current Al applications demonstrate tangible clinical impact across pharmacogenomics, adverse
drug reaction prediction, drug discovery, and clinical decision support. Al shifts understanding from
correlation to causality, enabling personalized dosing and transforming pharmacovigilance into
proactive safety mechanisms.

Despite promising advances, large-scale pediatric Al implementation faces significant
challenges including limited data quality, algorithmic bias, generalizability issues, and the "black-
box" nature that undermines clinical trust. Economic barriers and ethical considerations regarding
data privacy and informed consent require rigorous attention.

A critical gap exists in pediatric pharmacotherapy-specific Al evaluation studies. The absence of
age-specific validation raises concerns about current Al model applicability to pediatric populations,
underscoring the need for dedicated pediatric-centered research initiatives.

Future development of sophisticated AI models and multimodal data integration promises
enhanced precision. However, real-world validation through rigorous clinical studies and
interdisciplinary collaboration remain imperative for building robust pediatric Al ecosystems.

Al represents a transformative element in reshaping pediatric therapeutic decision-making.
Successful implementation requires sustained commitment to addressing current limitations while
maintaining focus on optimizing therapeutic outcomes for our most vulnerable patient populations.
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Abbreviations
The following abbreviations are used in this manuscript:

Abbreviation Definition
ACCEPT-AI Age, Communication, Consent and assent, Equity, Protection of data, Technology

ADE Adverse Drug Event

ADRs Adverse Drug Reactions

ALL Acute Lymphoblastic Leukemia

AML Acute Myeloid Leukemia

APEX GO APEX Generative Optimization

AUC Area Under the Curve

AUPR Area Under the Precision-Recall Curve
CDSS Clinical Decision Support System

CPIC Clinical Pharmacogenetics Implementation Consortium
DL Deep Learning

DTI Diffusion Tensor Imaging

EHR Electronic Health Record

FDA Food and Drug Administration

GBDT Gradient Boosting Decision Tree

GBRT Gradient Boosted Regression Trees
HD-MTX High-Dose Methotrexate

LIU Labeled Independent Users dataset

LLM Large Language Model

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MGPS Multi-item Gamma Poisson Shrinker

ML Machine Learning

PCC Pearson Correlation Coefficient

PGx Pharmacogenomics

RAG Retrieval-Augmented Generation

ROC Receiver Operating Characteristic

rs-fMRI Resting-State Functional Magnetic Resonance Imaging
SEPD Sepsis on ED to PICU Disposition

SHAP SHapley Additive exPlanations

SIRS Systemic Inflammatory Response Syndrome
SMOTE Synthetic Minority Over-sampling Technique
UTI Urinary Tract Infection

XGB Extreme Gradient Boosting

XGBoost Extreme Gradient Boosting
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