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ABSTRACT
Rare diseases affect 300 million people globally, with 50% occurring in children—yet 70% of pediatric rare disease 
patients face a diagnostic delay of 3–5 years, and 30% never receive a definitive diagnosis (Orphanet, 2024). This 
diagnostic gap stems from three key challenges: (1) nonspecific early symptoms (e.g., developmental delay, fatigue) 
that overlap with common childhood conditions, (2) limited access to genetic testing and specialist care (especially 
in low- and middle-income countries [LMICs]), and (3) the sheer diversity of rare diseases (over 7,000 identified to 
date). Artificial intelligence (AI) technologies—including machine learning (ML) for symptom pattern recognition, 
natural language processing (NLP) for electronic health record (EHR) analysis, and deep learning for genomic se-
quencing—are transforming pediatric rare disease care. This study analyzes 22 AI implementations (2022–2025) 
across 15 countries, showing AI reduces diagnostic time by 60–70%, increases genetic testing accuracy by 45%, 
and improves personalized treatment response rates by 35%. Barriers to adoption, including data scarcity (75% 
of rare diseases have <1,000 documented cases) and specialist distrust of AI outputs, are addressed via a collabo-
rative governance framework. Findings highlight AI’s potential to mitigate health disparities in rare disease care, 
particularly for underserved pediatric populations in LMICs.

Keywords: Artificial Intelligence; Pediatric Rare Diseases; Diagnostic Delay; Genomic Sequencing; Personalized 
Therapy; Machine Learning

1. Introduction

1.1 Background
Rare diseases—defined as conditions affecting fewer than 1 in 2,000 people—collectively impact 1 

in 15 children worldwide (WHO, 2023). For these young patients, the “diagnostic odyssey” is devastating: 
40% undergo 5+ unnecessary medical procedures, 25% are misdiagnosed with a common condition (e.g., 
autism instead of Rett syndrome), and 10% die before receiving a correct diagnosis (Carter et al., 2022). 
The root causes of this delay are systemic: primary care physicians (PCPs) encounter an average of 1–2 rare 
disease cases per decade, leading to missed symptom patterns (Nakamura et al., 2023). Genetic testing—
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critical for 80% of rare disease diagnoses—remains inaccessible in 85% of LMICs, where it costs 3–5 times 
the average monthly household income (Mehta et al., 2024). Even in high-income countries (HICs), genomic 
data analysis requires specialized expertise, with a 6-month backlog for interpretation in 60% of pediatric 
hospitals (Dubois et al., 2023).

Artificial intelligence addresses these gaps by unlocking insights from fragmented data sources. ML 
algorithms trained on symptom databases (e.g., Orphanet, OMIM) can identify rare disease patterns in 
routine pediatric visits: a 2023 study in the U.S. found an AI tool flagged 92% of early Pompe disease cases 
that PCPs had initially dismissed as “benign fatigue” (Carter et al., 2023). NLP systems extract hidden 
symptom clusters from unstructured EHR data (e.g., “recurrent vomiting + hypotonia”) to prioritize patients 
for specialist referral, reducing wait times by 50% (Nakamura et al., 2024). Deep learning models accelerate 
genomic analysis: an AI tool developed in Japan reduced the time to interpret whole-exome sequencing 
(WES) data from 4 weeks to 48 hours, with 98% accuracy (Nakamura et al., 2023). Despite these advances, 
barriers persist: 65% of pediatric geneticists report “low trust” in AI diagnostic recommendations (Dubois 
et al., 2024), and 70% of LMICs lack EHR infrastructure to feed AI models (WHO, 2024).

1.2 Research Objectives
This study aims to:
Evaluate the efficacy of AI in three core pediatric rare disease domains: early symptom screening, 

genomic data analysis, and personalized treatment optimization.
Identify region-specific barriers to AI adoption (e.g., data scarcity in LMICs, specialist resistance in 

HICs) and quantify their impact on patient outcomes.
Develop a multi-stakeholder governance framework to address AI-specific challenges in rare disease 

care, including data sharing and algorithm transparency.
Propose policy and practice recommendations to integrate AI into routine pediatric care, with a focus 

on equitable access for LMICs.

1.3 Scope and Significance
The scope includes peer-reviewed studies, clinical trials, and real-world implementations (2022–2025) 

focusing on AI for pediatric rare diseases (ages 0–18). Case studies span 15 countries (United States, Japan, 
India, France, Mexico, Germany, Canada, Australia, Brazil, South Africa, Nigeria, Thailand, Argentina, Saudi 
Arabia, and Turkey), covering urban and rural settings, and diverse disease categories (metabolic disorders, 
neuromuscular diseases, genetic syndromes).

This research fills a critical gap in existing literature, which often focuses on AI for adult rare diseases 
or single-condition applications (e.g., cystic fibrosis). By addressing pediatric-specific needs (e.g., age-
adjusted symptom models) and LMIC constraints (e.g., low-cost AI tools for resource-poor clinics), the study 
provides actionable insights for clinicians, policymakers, and AI developers seeking to end the diagnostic 
odyssey for children with rare diseases.

2. Literature Review

2.1 AI Technologies for Pediatric Rare Disease Care

2.1.1 Machine Learning for Early Symptom Screening
ML algorithms excel at identifying subtle symptom patterns that humans miss, even when data is 
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limited. A 2023 study by Carter et al. (2023) developed an AI tool trained on 100,000 pediatric EHRs 
(including 5,000 rare disease cases) to flag early warning signs. Deployed in 20 U.S. pediatric clinics, the 
tool recommended specialist referral for 387 patients with “non-specific” symptoms (e.g., poor weight gain, 
delayed speech); 82% of these patients received a rare disease diagnosis within 6 months, compared to the 
national average of 3–5 years.

In LMICs, low-cost mobile AI tools are expanding access. Mehta et al. (2024) developed a smartphone 
app (cost: $10 per device) for rural Indian PCPs, which uses image recognition to detect physical signs of 
rare genetic syndromes (e.g., facial dysmorphism in Down syndrome, limb anomalies in achondroplasia). 
The app achieved 89% accuracy in a trial of 1,200 children, and 75% of positive cases were referred to 
genetic specialists—up from 15% before the app’s implementation.

2.1.2 NLP for EHR Analysis and Patient Triage
NLP transforms unstructured EHR data (e.g., PCP notes, parent-reported symptoms) into structured 

datasets for rare disease screening. Nakamura et al. (2024) implemented an NLP system in 10 Japanese 
pediatric hospitals to extract symptom clusters (e.g., “seizures + developmental regression + lactic acidosis”) 
linked to mitochondrial diseases. The system prioritized 240 patients for urgent genetic testing, with 68% 
receiving a diagnosis within 2 months—cutting the average wait time by 70%.

In HICs, NLP tools also address specialist shortages. Dubois et al. (2023) deployed an NLP chatbot for 
French parents of children with suspected rare diseases, which collects detailed symptom histories and 
generates a “rare disease probability score.” Parents with scores >80% were fast-tracked to specialists, 
reducing wait times from 8 months to 6 weeks. Of 500 families using the chatbot, 91% reported feeling 
“heard” and “supported” during the diagnostic process—up from 45% in a control group.

2.1.3 Deep Learning for Genomic Sequencing and Interpretation
Deep learning accelerates the most time-consuming step in rare disease diagnosis: genomic data 

analysis. Nakamura et al. (2023) developed a deep learning model that interprets WES data to identify 
pathogenic genetic variants (e.g., BRCA1 mutations for Fanconi anemia, SMN1 deletions for spinal muscular 
atrophy). In a trial of 800 pediatric patients, the model matched the accuracy of human geneticists (98%) 
but reduced analysis time from 4 weeks to 48 hours. In LMICs, this speed is transformative: a 2025 study 
in Mexico found the model enabled 70% of WES tests to be interpreted locally, eliminating the need to ship 
samples to HICs (Mendez et al., 2025).

AI also improves genomic testing accessibility. A low-cost AI tool developed in South Africa (cost: $50 
per test) uses targeted sequencing (instead of WES) to focus on genes linked to 100 common pediatric 
rare diseases, reducing costs by 75% (Carter et al., 2024). In a trial of 600 children, the tool achieved 92% 
diagnostic yield—comparable to WES—making genetic testing affordable for 85% of participating families.

2.1.4 AI for Personalized Treatment Optimization
For children with rare diseases, personalized therapy is critical—yet 50% of treatments fail due to 

individual genetic variations (WHO, 2023). AI predicts treatment response by integrating genomic data and 
clinical outcomes. Carter et al. (2025) developed an ML model to optimize enzyme replacement therapy 
(ERT) for Pompe disease, a rare metabolic disorder. The model adjusts ERT doses based on a child’s weight, 
genetic variant, and biomarker levels (e.g., creatine kinase), improving treatment response rates by 35% in 
a trial of 150 patients.

In LMICs, AI supports resource-efficient treatment. Mehta et al. (2025) implemented an AI tool in 
rural Indian hospitals to prioritize children with rare diseases for limited treatment resources (e.g., ERT for 
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Gaucher disease, gene therapy for spinal muscular atrophy). The tool uses survival probability and quality-
of-life metrics to allocate treatments, increasing the number of children who received life-saving therapy by 
40% without additional funding.

2.2 Pediatric Rare Disease Challenges and AI Solutions

2.2.1 Diagnostic Delay and Misdiagnosis
The average pediatric rare disease patient sees 7+ physicians before diagnosis, with 25% receiving 3+ 

misdiagnoses (Orphanet, 2024). AI reduces this by flagging rare disease patterns early: the U.S. symptom-
screening tool (Carter et al., 2023) cut diagnostic time by 70%, and 82% of patients avoided unnecessary 
procedures. In LMICs, mobile AI tools address PCP inexperience: India’s syndrome-detection app (Mehta 
et al., 2024) increased correct referrals by 500%, reducing misdiagnoses of conditions like Rett syndrome 
(often confused with autism).

2.2.2 Access to Genetic Testing
Genetic testing remains out of reach for 85% of LMIC pediatric patients (WHO, 2024). AI-driven cost 

reduction is game-changing: South Africa’s targeted sequencing tool (Carter et al., 2024) made testing 
affordable for 85% of families, and Mexico’s AI genomic interpreter (Mendez et al., 2025) eliminated 
reliance on HIC labs. Even in HICs, AI addresses backlogs: Japan’s deep learning model (Nakamura et al., 
2023) reduced WES interpretation time by 97%, clearing a 6-month backlog in 3 months.

2.2.3 Specialist Shortages
There are only 1.2 pediatric geneticists per 1 million children in LMICs—compared to 15 per million in 

HICs (Orphanet, 2024). AI extends specialist reach: France’s parent chatbot (Dubois et al., 2023) triaged 500 
families, freeing specialists to focus on high-priority cases. In India, an AI teleconsultation tool (Mehta et al., 
2024) connected 2,000 rural families to geneticists in New Delhi, reducing travel time from 12 hours to 30 
minutes.

2.2.4 Treatment Optimization
Rare disease treatments are often “one-size-fits-all,” leading to 50% failure rates (WHO, 2023). AI 

personalizes therapy: the Pompe disease ERT model (Carter et al., 2025) improved response rates by 
35%, and India’s treatment-allocation tool (Mehta et al., 2025) ensured 40% more children received life-
saving care. In HICs, AI predicts adverse drug reactions: a U.S. ML tool (Carter et al., 2024) identified 91% of 
children at risk of severe side effects from rare disease medications, preventing 28 hospitalizations.

2.3 Ethical and Practical Challenges

2.3.1 Data Scarcity
Rare diseases have small patient cohorts: 75% of conditions have <1,000 documented cases, limiting 

AI model training (Orphanet, 2024). To address this, researchers use “data augmentation”—generating 
synthetic data that mimics real patient records. A 2024 study in France found synthetic data improved 
AI diagnostic accuracy for rare neuromuscular diseases by 25% (Dubois et al., 2024). International data 
sharing also helps: the Global Rare Disease AI Consortium (launched 2023) pooled data from 15 countries, 
enabling AI models to train on 10x more cases (Carter et al., 2024).

2.3.2 Specialist Distrust
65% of pediatric geneticists report “low confidence” in AI recommendations, citing “black box” 

algorithms (Dubois et al., 2024). Explainable AI (XAI) addresses this: Japan’s genomic interpreter (Nakamura 
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et al., 2023) provides step-by-step justifications for variant calls (e.g., “This variant is pathogenic because it 
disrupts the SMN1 gene’s protein-coding region”), increasing specialist acceptance from 30% to 85%. In the 
U.S., an XAI symptom tool (Carter et al., 2023) showed PCPs which symptoms triggered referrals, leading to 
90% adoption.

2.3.3 Privacy and Informed Consent
Pediatric rare disease data is highly sensitive, with 70% of parents concerned about misuse (Mehta 

et al., 2024). In LMICs, consent forms are often written in English (not local languages), leading to 
misunderstandings. India’s app (Mehta et al., 2024) uses audio consent in 12 regional languages, with 95% 
of parents reporting “clear understanding” of data use. Blockchain technology also enhances privacy: a 2025 
study in Mexico used blockchain to secure genomic data, with 92% of families agreeing to share data for AI 
training (Mendez et al., 2025).

2.3.4 Equity in Access
AI tools are concentrated in HICs: 80% of pediatric rare disease AI implementations are in North 

America and Europe (WHO, 2024). To bridge this gap, open-source tools are critical: the Global Rare 
Disease AI Consortium (Carter et al., 2024) made its symptom-screening tool freely available, with 50 LMICs 
adopting it in 2024. Low-cost hardware is also key: South Africa’s $50 sequencing tool (Carter et al., 2024) 
uses repurposed lab equipment, making it accessible to rural clinics.

3. Methodology

3.1 Study Design
A mixed-methods approach was used, combining:
Systematic Review: Of peer-reviewed studies, clinical trials, and policy reports (2022–2025) on AI 

applications in pediatric rare disease care.
Case Study Analysis: Of 22 AI implementations across 15 countries, focusing on screening, genomic 

analysis, and treatment optimization.
Surveys and Interviews: With 2,500 stakeholders (500 PCPs, 500 pediatric specialists, 500 parents of
rare disease patients, 500 AI developers, 500 policymakers) to assess AI tool usability, adoption 

barriers, and impact on patient outcomes.

3.2 Data Sources

3.2.1 Systematic Review Databases
PubMed, Embase, Web of Science, IEEE Xplore, and the Orphanet Rare Disease Database were searched 

using keywords: (“artificial intelligence” OR “machine learning” OR “deep learning” OR “natural language 
processing”) AND (“pediatric” OR “children” OR “adolescent”) AND (“rare disease” OR “orphan disease”) 
AND (“diagnosis” OR “screening” OR “genomic sequencing” OR “personalized therapy”) AND (“2022” OR 
“2023” OR “2024” OR “2025”). Inclusion criteria: (1) English-language publications, (2) focus on patients 
aged 0–18, (3) reporting of quantitative outcomes (e.g., diagnostic time reduction, testing accuracy), (4) 
real-world implementation or randomized controlled trials (RCTs). Exclusion criteria: (1) adult-only 
populations, (2) non-AI interventions, (3) lab-only studies without clinical validation.

3.2.2 Case Study Selection
Case studies were selected using purposive sampling to ensure regional, disease, and technological 
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diversity. Key criteria included: (1) clear documentation of AI tool design and implementation process, 
(2) availability of patient-level outcomes (e.g., diagnosis rate, treatment response), (3) representation 
of both HICs and LMICs, (4) inclusion of diverse rare disease categories (metabolic, neuromuscular, 
genetic syndromes). Case study data were collected from project reports, peer-reviewed publications, and 
stakeholder interviews (e.g., with clinicians leading the implementation, parents of participating children).

3.2.3 Survey and Interview Protocols
PCP Surveys: Administered via online platforms (HICs) or paper forms (LMICs with limited internet), 

focusing on AI tool usability (e.g., “How easy is it to integrate the AI app into your daily workflow?”) and 
perceived impact (e.g., “Has the AI tool improved your ability to identify rare disease symptoms?”).

Specialist Interviews: Semi-structured interviews with pediatric geneticists, neurologists, and 
metabolic specialists to explore attitudes toward AI (e.g., “What concerns do you have about relying on AI 
for diagnostic recommendations?”) and barriers to adoption.

Parent Surveys: Conducted in 12 local languages (e.g., Hindi, Spanish, French, Japanese) via phone or 
in-person, assessing satisfaction with AI tools (e.g., “Did the AI chatbot help you feel more informed about 
your child’s symptoms?”) and privacy concerns (e.g., “Are you comfortable sharing your child’s health data 
with the AI tool?”).

Developer and Policymaker Interviews: Focused on technical challenges (e.g., “How do you address 
data scarcity when training AI models for rare diseases?”) and policy gaps (e.g., “What regulatory barriers 
prevent AI tool adoption in pediatric care?”).

3.3 Data Analysis

3.3.1 Systematic Review
Data were extracted using a standardized form (study design, sample size, AI technology, disease type, 

outcomes, country) by two independent researchers. Disagreements were resolved via consensus with a 
third researcher. Meta-analysis was performed using R (Version 4.4.1) with the metafor package to calculate 
pooled effect sizes (e.g., mean reduction in diagnostic time). Heterogeneity was assessed using I² statistics, 
with I² > 50% indicating high heterogeneity—addressed via subgroup analysis (e.g., HIC vs. LMIC, disease 
category).

3.3.2 Case Study Analysis
Cross-case synthesis was used to identify common themes (e.g., successful data-sharing strategies) and 

regional differences (e.g., infrastructure constraints in LMICs). Cost-effectiveness was analyzed using cost 
per diagnosis (total implementation cost divided by number of patients diagnosed) and cost per quality-
adjusted life year (QALY) to compare AI interventions to conventional care. For example, South Africa’s 50 
sequencing tool was evaluated by calculating the cost per diagnosis versus traditional WES (cost: 200–$500 
per test).

3.3.3 Survey and Interview Data
Quantitative survey data were analyzed using SPSS (Version 29.0) with descriptive statistics (means, 

frequencies, percentages) and inferential tests (t-tests, chi-square) to compare responses across groups 
(e.g., HIC vs. LMIC PCPs, parents of diagnosed vs. undiagnosed children). Qualitative interview data were 
coded using NVivo (Version 12) with inductive thematic analysis—codes were grouped into broader themes 
(e.g., “specialist distrust,” “data privacy fears”) and validated via member checking (sharing themes with 
interviewees to confirm accuracy).
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3.4 Ethical Approval
The study was approved by the Institutional Review Board (IRB) of Boston Children’s Hospital (IRB 

#2024-P-000567) and local IRBs in all case study countries. For parent surveys involving children under 18, 
informed consent was obtained from caregivers, and assent was collected from children aged 7+. All data 
were de-identified to comply with global privacy regulations (e.g., HIPAA in the U.S., GDPR in the EU, India’s 
Digital Personal Data Protection Act).

4. Results

4.1 Efficacy of AI in Pediatric Rare Disease Care

4.1.1 Early Symptom Screening
Meta-analysis of 8 studies (n=12,500 children) showed that AI-driven screening tools reduced 

diagnostic time by a pooled mean of 65% (95% CI: 60–70%) compared to conventional care. Subgroup 
analysis revealed no significant difference in efficacy between HICs (66% reduction) and LMICs (64% 
reduction), demonstrating the scalability of low-cost AI tools.

Case Example: U.S. Pediatric Symptom Tool (2023): Boston Children’s Hospital deployed an ML 
tool trained on 100,000 EHRs across 20 U.S. clinics. The tool analyzed symptoms (e.g., poor weight gain, 
delayed motor skills) and demographic data to generate a “rare disease risk score” for children aged 0–5. 
Of 3,800 children screened, 387 had scores >70% (high risk) and were referred to specialists; 82% of these 
children received a definitive diagnosis within 6 months (e.g., Pompe disease, spinal muscular atrophy), 
compared to the national average of 3–5 years. The tool also reduced unnecessary referrals by 40%—PCPs 
reported using the risk score to avoid referring children with low-risk symptoms (e.g., temporary fatigue) to 
specialists (Carter et al., 2023).

Case Example: India Mobile Syndrome Detector (2024): AIIMS developed a smartphone app for 
rural PCPs, which uses image recognition to detect physical signs of 50 common pediatric rare syndromes 
(e.g., facial dysmorphism in Cornelia de Lange syndrome, skin lesions in tuberous sclerosis). The app was 
tested in 30 rural clinics in Rajasthan, India, with 1,200 children aged 0–10. It achieved 89% accuracy in 
identifying syndromic features, and 75% of children flagged as high-risk were referred to genetic specialists 
in New Delhi—up from 15% before the app’s implementation. For families who received referrals, the 
average time to diagnosis was 3 months, compared to 18 months for families in a control group (Mehta et 
al., 2024).

4.1.2 Genomic Sequencing and Interpretation
Analysis of 7 studies (n=8,200 children) found that AI reduced genomic data interpretation time by a 

pooled mean of 90% (from 4 weeks to 2.4 days) and increased diagnostic yield (percentage of tests resulting 
in a diagnosis) by 45% (from 30% to 43.5%) compared to manual interpretation. Deep learning models had 
the highest accuracy (98%), comparable to board-certified geneticists.

Case Example: Japan WES Interpreter (2023): Kyoto University Hospital developed a deep learning 
model to interpret WES data for 100 pediatric rare diseases. The model was trained on 5,000 genomic 
datasets (including 1,000 from Japanese children) and validated in 10 Japanese hospitals with 800 patients. 
It matched the accuracy of human geneticists (98%) but reduced interpretation time from 4 weeks to 48 
hours. The model also identified 12 novel pathogenic variants (e.g., a frameshift mutation in the DMD gene 
linked to Duchenne muscular dystrophy) that had been missed by manual analysis. Within 6 months of 
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implementation, the 10 hospitals cleared their 6-month backlog of WES tests, and diagnostic yield increased 
from 32% to 45% (Nakamura et al., 2023).

Case Example: South Africa Low-Cost Sequencing Tool (2024): The University of Cape Town 
developed an AI-powered targeted sequencing tool that focuses on 500 genes linked to 100 common 
pediatric rare diseases (e.g., sickle cell anemia, cystic fibrosis). The tool uses repurposed lab equipment (cost: 
50 per test) and an ML model to interpret results. In a trial of 600 children across 15 rural South African 
clinics, the tool achieved 92% diagnostic yield—comparable to traditional WES (cost: 300 per test). Eighty-
five percent of participating families could afford the test, compared to 10% for WES. The tool also reduced 
the need to ship samples to HICs: 90% of tests were processed locally, cutting turnaround time from 8 
weeks to 2 weeks (Carter et al., 2024).

4.1.3 Personalized Treatment Optimization
Six studies (n=3,500 children) demonstrated that AI improved personalized treatment response rates 

by a pooled mean of 35% (from 45% to 60%) and reduced adverse drug reactions by 40% (from 25% to 
15%) compared to standard care.

Case Example: U.S. Pompe Disease ERT Model (2025): Boston Children’s Hospital developed an ML 
model to optimize enzyme replacement therapy (ERT) for children with Pompe disease—a rare metabolic 
disorder. The model integrates a child’s weight, genetic variant (e.g., GAA gene mutation type), biomarker 
levels (e.g., creatine kinase, lactate), and treatment history to adjust ERT doses. In a trial of 150 children, the 
model improved treatment response rates by 35%: 70% of children had stable or improved muscle function 
(measured via 6-minute walk tests), compared to 45% in the control group (who received standard doses). 
The model also reduced adverse reactions (e.g., infusion-related fever) by 42%, as it avoided over-dosing in 
children with reduced enzyme clearance (Carter et al., 2025).

Case Example: India Treatment Allocation Tool (2025): AIIMS implemented an AI tool in 20 
rural Indian hospitals to prioritize children with rare diseases for limited treatment resources (e.g., ERT 
for Gaucher disease, gene therapy for spinal muscular atrophy). The tool uses survival probability (based 
on disease stage) and quality-of-life metrics (e.g., pain scores, mobility) to rank patients. Before the tool’s 
implementation, 60% of treatments went to children with mild disease (due to provider bias), while 40% of 
children with severe disease were denied care. After implementation, 75% of treatments went to children 
with severe disease, and the number of children who survived 2+ years post-treatment increased by 40%. 
Caregivers reported a 55% reduction in “treatment guilt” (feeling their child received care at the expense of 
others) (Mehta et al., 2025).

4.2 Barriers to AI Adoption

4.2.1 Technical Barriers
Data Scarcity: Survey data from 500 AI developers showed that 85% identified “small patient cohorts” 

as the biggest challenge to training AI models for rare diseases. For ultra-rare diseases (fewer than 100 
cases globally), 90% of developers reported using synthetic data to augment training datasets. However, 
65% of pediatric geneticists expressed concern about the accuracy of synthetic data—only 30% would trust 
a diagnosis based on a model trained primarily on synthetic data (Dubois et al., 2024).

Infrastructure Gaps: In LMICs, 70% of PCPs reported limited internet access (required for cloud-
based AI tools) and outdated devices (e.g., smartphones with old operating systems incompatible with AI 
apps). In Nigeria, 45% of rural clinics had no reliable electricity, making it impossible to use AI tools that 
require continuous power (e.g., genomic sequencers). Even in HICs, 30% of pediatric hospitals reported “data 
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silos”—EHR systems that could not share data with AI tools, limiting model training (WHO, 2024).

4.2.2 Clinical Barriers
Specialist Distrust: Interviews with 500 pediatric specialists revealed that 65% had “low to moderate 

trust” in AI diagnostic recommendations. Key concerns included: (1) “black box” algorithms (45% of 
specialists), (2) fear of liability if an AI tool missed a diagnosis (35%), (3) lack of training on how to 
interpret AI outputs (30%). In France, only 30% of pediatric neurologists would independently act on an AI 
recommendation to order genetic testing—most (70%) required a second opinion from a colleague (Dubois 
et al., 2024).

PCP Usability Challenges: Forty percent of LMIC PCPs reported difficulty using AI tools due to 
complex interfaces (e.g., multiple steps to input patient data) and lack of local language support. In Thailand, 
55% of PCPs said AI apps with only English interfaces were “unusable” for their patients, who spoke only 
Thai. Even in HICs, 25% of PCPs reported that AI tools added 10+ minutes to their daily workflow—time 
they could not afford in busy clinics (Nakamura et al., 2024).

4.2.3 Ethical and Policy Barriers
Privacy Concerns: Seventy percent of parents surveyed were concerned about sharing their child’s 

genomic data with AI developers. In Mexico, 60% of parents refused to use an AI tool that required storing 
data on international servers (e.g., in the U.S. or EU). Only 35% of parents reported reading the full privacy 
policy of AI tools—most (65%) relied on PCPs to “vouch for” data safety (Mendez et al., 2025).

Regulatory Gaps: Eighty percent of policymakers reported that no national regulations specifically 
govern AI tools for pediatric rare diseases. In 75% of LMICs, AI tools are classified as “medical devices” and 
require the same approval process as drugs (which can take 2–3 years), making it impossible to deploy 
time-sensitive tools (e.g., outbreak response for rare infectious diseases). In HICs, regulations are more 
flexible, but 40% of policymakers reported “inconsistent standards” across countries—an AI tool approved 
in the U.S. may not be approved in the EU, limiting global collaboration (WHO, 2024).

4.2.4 Equity Barriers
Access Disparities: Eighty percent of AI pediatric rare disease tools are deployed in North America 

and Europe, despite 70% of pediatric rare disease patients living in LMICs. Cost is a major factor: the 
average cost to implement an AI tool in a pediatric clinic is 50,000—exceeding the annual budget of 90% 
of LMIC pediatric clinics. Even open-source tools require 10,000–$15,000 for training and device upgrades, 
which most LMICs cannot afford (Mehta et al., 2024).

Cultural and Linguistic Gaps: Sixty percent of AI tools lack local language support for non-English-
speaking populations. In Brazil, an AI symptom-screening tool with only English and Spanish interfaces 
had 25% adoption among Portuguese-speaking PCPs. Cultural differences also matter: in some African 
countries, parents were reluctant to use AI tools that asked about “family medical history” (a sensitive topic 
in cultures where disability is stigmatized) (Carter et al., 2024).

5. Discussion

5.1 Key Findings in Global Context
This study’s results confirm AI’s transformative potential in pediatric rare disease care: AI reduces 

diagnostic time by 60–70%, increases genomic testing accuracy by 45%, and improves treatment response 
rates by 35%. Critically, low-cost AI tools (e.g., India’s 10 syndrome app, South Africa’s 50 sequencing 
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tool) achieve comparable efficacy to high-end HIC tools, challenging the myth that AI is “only for wealthy 
countries.” This aligns with prior research (Mehta et al., 2024; Carter et al., 2024) but expands insights by 
demonstrating AI’s impact across diverse disease categories and regional contexts—from Pompe disease in 
the U.S. to sickle cell anemia in South Africa.

Notably, explainable AI (XAI) emerges as a key enabler of clinical adoption: Japan’s genomic interpreter 
(which provides step-by-step variant justifications) increased specialist trust from 30% to 85%, highlighting 
the need to move beyond “black box ” algorithms. This addresses a critical gap in prior literature, which 
often focused on AI efficacy without exploring how to build clinical trust. Additionally, the study’s findings 
on cost-effectiveness—South Africa’s 50 sequencing tool generated 3,200 in long-term healthcare savings 
per child (via early intervention)—underscore AI’s potential to reduce the economic burden of rare 
diseases, which costs global healthcare systems $800 billion annually (Orphanet, 2024).

5.2 Addressing Data Scarcity and Infrastructure Gaps
Data scarcity remains the biggest technical barrier, but two solutions emerge from the case studies:
International Data Sharing: The Global Rare Disease AI Consortium (Carter et al., 2024) pooled 

data from 15 countries, enabling AI models to train on 10x more cases. For ultra-rare diseases (e.g., 
progeria, with <500 cases globally), this pooling increased model accuracy by 30%. To accelerate sharing, 
policymakers should establish cross-border data trusts—independent bodies that manage data on behalf of 
patients, ensuring privacy while enabling research. The EU’s Rare Disease Data Hub (launched 2024) serves 
as a model, with 90% of participating families reporting “confidence” in data security (Dubois et al., 2024).

Low-Infrastructure Adaptations: LMICs need AI tools that work offline or with limited power. India’s 
syndrome app (Mehta et al., 2024) stores data locally on smartphones and syncs to the cloud only when 
internet is available, ensuring usability in rural areas. South Africa’s sequencing tool uses solar-powered lab 
equipment, eliminating reliance on grid electricity. These adaptations increased tool adoption by 50% in 
resource-poor settings, demonstrating that “low-tech AI” can be as effective as high-end solutions.

5.3 Building Clinical Trust Through XAI and Training
Specialist distrust is a major barrier, but two strategies prove effective:
Mandatory XAI Features: AI tools for pediatric rare diseases should include step-by-step justifications 

for recommendations (e.g., “This variant is pathogenic because it disrupts protein function, as shown in 
12 prior studies”). Japan’s genomic interpreter (Nakamura et al., 2023) and the U.S. Pompe disease model 
(Carter et al., 2025) both use XAI, increasing specialist acceptance to 85%+. Regulators should mandate XAI 
for all AI diagnostic tools, as the EU’s AI Act (2024) does for “high-risk” medical AI.

Specialist Training Programs: Pediatric geneticists and neurologists need training to interpret AI 
outputs. The U.S. National Institutes of Health (NIH) launched a 20-hour AI literacy course for pediatric 
specialists in 2024, with 90% of participants reporting increased confidence in using AI tools. LMICs can 
scale this via teletraining: India’s AIIMS offers free online courses for rural PCPs, with 10,000+ participants 
in 2024 (Mehta et al., 2025).

5.4 Ensuring Equity in AI Access
To bridge the HIC-LMIC divide, three actions are critical:
Open-Source Tool Development: Developers should make AI tools freely available, with low-cost 

hardware options. The Global Rare Disease AI Consortium’s symptom-screening tool (Carter et al., 2024) is 
open-source, with 50 LMICs adopting it in 2024. Paired with $10 smartphones (subsidized by governments), 
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this tool has reached 1 million children in rural areas.
Global Funding Pools: International organizations should allocate 500 million annually to support 

LMIC AI implementations. The WHO’s Rare Disease AI Fund (launched 2025) provides grants of 100,000–
$500,000 to LMIC clinics, with priority given to low-cost tools. In its first year, the fund supported 30 
projects, including Nigeria’s solar-powered sequencing labs and Brazil’s Portuguese-language symptom app.

Culturally Tailored Design: AI tools must address local languages and cultural norms. Brazil’s 
symptom app (Carter et al., 2024) includes Portuguese voice support and avoids sensitive topics (e.g., family 
medical history) in regions where disability is stigmatized, increasing adoption by 40%. Developers should 
partner with local clinicians and community leaders to co-design tools—this “bottom-up” approach ensures 
tools meet real-world needs.

5.5 Limitations and Future Research Directions
Long-Term Outcomes: Most studies (75%) had follow-up periods of 12 months or less, limiting 

insights into AI’s impact on long-term outcomes (e.g., disease progression, quality of life at age 5+). Future 
research should include 5+ year cohort studies to assess sustained benefits.

Ultra-Rare Diseases: Only 15% of case studies focused on ultra-rare diseases (fewer than 100 cases 
globally), where data scarcity is most severe. Research on synthetic data generation and cross-species 
models (e.g., using animal data to augment human datasets) is needed.

Caregiver and Child Experience: While parent surveys were conducted, few studies (10%) included 
input from children themselves—especially those aged 10+, who can provide insights into tool usability (e.g., 
“Is the app easy to use?”). Future research should integrate child-centered design principles.

6. AI Governance Framework for Pediatric Rare Diseases
Based on study findings and stakeholder input, we propose a 4-Pillar Governance Framework 

tailored to the unique needs of pediatric rare disease patients:

6.1 Pillar 1: Data Governance and Privacy
Cross-Border Data Trusts: Establish regional data trusts (e.g., African Rare Disease Data Trust, Asian 

Pediatric AI Trust) to manage patient data. Trusts will: (1) obtain informed consent in local languages (with 
audio options for low-literacy populations), (2) use blockchain to secure genomic data, (3) share data only 
with researchers who meet strict ethical standards.

Synthetic Data Standards: Develop global guidelines for synthetic data generation (e.g., ensuring 
synthetic data mimics real patient diversity) to address data scarcity. The WHO will certify synthetic data 
tools that meet these standards, with 80% of ultra-rare disease AI models using certified synthetic data by 
2030.

Privacy-by-Design Mandate: Require AI developers to integrate privacy features (e.g., local data 
storage, end-to-end encryption) into tools from the start. Penalties for non-compliance: Fines of 10% of 
annual revenue for developers who violate data privacy laws.

6.2 Pillar 2: Clinical Validation and XAI
Pediatric-Specific Validation: Mandate that AI tools for pediatric rare diseases undergo validation 

in diverse pediatric populations (e.g., different ages, ethnicities, disease stages). Validation datasets must 
include at least 30% of patients from LMICs to ensure global applicability.
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Mandatory XAI Features: All AI diagnostic and treatment tools must provide clear, clinician-friendly 
justifications for recommendations. For example, a genomic interpreter should explain: (1) why a variant 
is classified as pathogenic, (2) how it relates to the child’s symptoms, (3) what prior studies support this 
conclusion.

Clinical Review Boards: Establish interdisciplinary boards (including pediatric specialists, parents, 
and ethicists) to review AI tools before deployment. Boards will assess: (1) accuracy, (2) usability, (3) 
impact on health equity. Tools that fail to meet standards will not receive regulatory approval.

6.3 Pillar 3: Equity and Access
Open-Source Repository: Create a global repository of open-source AI tools for pediatric rare 

diseases, hosted by the WHO. The repository will include: (1) tool code, (2) user guides in 50+ languages, (3) 
training materials for PCPs. Developers who contribute open-source tools will receive tax breaks and grant 
priority.

LMIC Capacity Building: Allocate $200 million annually to train LMIC clinicians and developers on AI. 
Programs will include: (1) online AI literacy courses, (2) in-person workshops on tool implementation, (3) 
fellowships for LMIC developers to work with HIC AI labs. Target: Train 50,000 LMIC clinicians and 10,000 
developers by 2030.

Low-Cost Hardware Subsidies: Governments and international organizations will subsidize low-cost 
hardware (e.g., $10 smartphones, solar-powered sequencers) for LMIC clinics. The goal: 90% of rural LMIC 
clinics have access to AI-compatible hardware by 2027.

6.4 Pillar 4: Regulatory Coordination
Global Regulatory Harmonization: Establish a joint committee of regulators from 20+ countries 

(e.g., FDA, EMA, India’s CDSCO) to develop consistent standards for AI pediatric rare disease tools. A tool 
approved in one country will be fast-tracked for approval in others, reducing duplication of effort.

Rapid Approval Pathway: Create a 3-month approval pathway for AI tools addressing urgent needs 
(e.g., rare disease outbreaks, tools for ultra-rare diseases with no existing treatments). Tools must meet 
minimum accuracy standards (e.g., 85% for screening tools) and be monitored post-deployment for safety.

Post-Market Surveillance: Require developers to submit annual reports on AI tool performance (e.g., 
diagnostic accuracy, adverse events) for 5 years post-deployment. The WHO will maintain a public database 
of these reports to inform clinicians and parents.

7. Policy Recommendations
To accelerate adoption of the governance framework and equitable AI integration, we propose targeted 

actions for four stakeholder groups:

7.1 For National Governments
Fund Data Trusts: Allocate 5% of rare disease healthcare budgets to establish national data trusts. 

For example, India’s National Rare Disease Data Trust (launched 2025) has already pooled data from 50,000 
patients, enabling AI models to train on diverse cases.

Mandate XAI and Privacy: Enact laws requiring AI pediatric rare disease tools to include XAI features 
and meet privacy standards. The EU’s AI Act (2024) and Japan’s Pediatric AI Law (2025) serve as models, 
with 90% of tools in these regions now compliant.
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Subsidize Low-Cost Tools: Provide 75% subsidies for AI tools and hardware in rural and low-income 
areas. Mexico’s 2025 subsidy program reduced the cost of sequencing tools for rural clinics from 50 to 
12.50, increasing access by 60%.

7.2 For AI Developers
Prioritize Open-Source and Low-Cost Tools: Allocate 30% of research budgets to developing open-

source tools for LMICs. Google’s Rare Disease AI Lab (2024) has released 10 open-source tools, including a 
low-cost sequencing interpreter used in 25 LMICs.

Co-Design with Local Stakeholders: Partner with LMIC clinicians, parents, and community leaders 
to design tools that address local needs. For example, a Kenyan AI app co-designed with rural PCPs includes 
Swahili voice support and offline functionality, with 85% adoption among users.

Invest in XAI Research: Allocate 20% of development budgets to XAI features. IBM’s Pediatric AI team 
(2025) developed an XAI tool that explains genomic variant calls in plain language, increasing specialist 
trust by 40%.

7.3 For Healthcare Providers
Integrate AI into Medical Education: Add 10 hours of AI literacy training to pediatric residency 

programs. The U.S. Accreditation Council for Graduate Medical Education (2024) now requires this training, 
with 95% of residents reporting increased confidence in using AI tools.

Train PCPs in Rural Areas: Offer free AI training workshops for rural PCPs. India’s AIIMS has trained 
5,000 rural PCPs on syndrome detection apps, with 70% of trainees using the app weekly to screen patients.

Involve Parents in AI Decisions: Provide parents with plain-language summaries of AI 
recommendations (e.g., “The AI tool recommends genetic testing because your child’s symptoms match 12 
cases of Pompe disease”). This increases parent trust—85% of parents in the U.S. Pompe study (Carter et al., 
2025) reported feeling “informed” about AI decisions.

7.4 For International Organizations (WHO, UNICEF, World Bank)
Launch the Global Rare Disease AI Fund: Allocate $500 million annually to support LMIC AI 

implementations. The fund’s first round of grants (2025) supported 30 projects, including Nigeria’s solar-
powered sequencing labs and Brazil’s Portuguese-language symptom app.

Create a Global AI Tool Registry: Maintain a public registry of AI tools for pediatric rare diseases, 
including performance data and user reviews. The WHO’s registry (launched 2025) has 200+ tools listed, 
with 100,000+ clinicians accessing it monthly.

Advocate for Regulatory Harmonization: Work with national regulators to align standards for 
AI tools. The WHO’s 2025 Global Pediatric AI Summit brought together 30+ regulators, leading to a joint 
statement on harmonized approval pathways.

8. Conclusion
For children with rare diseases, the diagnostic odyssey is a crisis of time—every delayed month 

increases the risk of irreversible damage, disability, or death. This study demonstrates that AI can end 
this odyssey: by reducing diagnostic time by 60–70%, making genomic testing accessible in LMICs, and 
personalizing treatments to improve outcomes. Critical to success is addressing the barriers that have held 
AI back: data scarcity, specialist distrust, and inequitable access.
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The 4-Pillar Governance Framework and policy recommendations provide a roadmap for change. 
By pooling data across borders, mandating explainable AI, subsidizing low-cost tools, and harmonizing 
regulations, we can ensure AI serves all children—regardless of where they live or their family’s income. 
The case studies in this paper prove it is possible: a child in rural India can now receive a rare disease 
diagnosis in 3 months (instead of 18), and a child in South Africa can access genetic testing for 50 (instead 
of 300).

The future of pediatric rare disease care is not just about AI—it is about using AI to restore hope. For 
the 150 million children with rare diseases worldwide, AI is not a “nice-to-have” but a lifeline. With global 
collaboration, we can turn this lifeline into a reality for every child.
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