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Abstract

Background: Early recognition of ventricular dysfunction and heart failure (HF) in children remains challenging because diagnosis often relies on 
specialized imaging modalities. Artificial intelligence (AI), particularly AI-enabled electrocardiography (AI-ECG), has emerged as a promising noninvasive 
tool for detecting ventricular dysfunction, cardiomyopathy, and adverse cardiac remodeling.

Objectives: To systematically review the evidence supporting AI and machine-learning (ML) applications for diagnosis and risk stratification of ventricular 
dysfunction, cardiomyopathy, and HF in children and to evaluate the diagnostic performance of pediatric AI-ECG models.

Methods: Studies evaluating AI, ML, or deep learning approaches in pediatric ventricular dysfunction, cardiomyopathy, congenital heart disease, or HF 
were included. Diagnostic studies reporting sensitivity and specificity were pooled using random-effects meta-analysis. Risk of bias was assessed using 
Quality Assessment of Diagnostic Accuracy Studies AI.

Results: Six studies met inclusion criteria for qualitative synthesis, and two independent pediatric diagnostic cohorts comprising 56,403 children were 
eligible for quantitative synthesis. AI-ECG demonstrated high diagnostic performance for ventricular dysfunction and remodeling, with pooled sensitivity 
of 0.92 (95% CI 0.88-0.94), specificity of 0.73 (95% CI 0.58-0.84), and diagnostic odds ratio of 34.22 (95% CI 11.08-105.72). Additional studies demonstrated 
utility of ML for dilated cardiomyopathy phenotyping, HF mortality prediction, and chemotherapy-related cardiomyopathy surveillance.

Conclusions: AI-ECG is a promising, scalable screening tool for pediatric ventricular dysfunction and adverse remodeling. Emerging ML applications 
may further improve cardiomyopathy phenotyping, HF prognostication, and precision pediatric cardiovascular care.

Keywords: Artificial intelligence, Machine learning, Electrocardiography, Pediatric cardiomyopathy

Abbreviations

AI: Artificial Intelligence; AI-ECG: Artificial Intelligence-Enabled 
Electrocardiography; AUROC: Area Under the Receiver Operating 
Characteristic Curve; DL: Deep Learning; LVSD: Left Ventricular 
Systolic Dysfunction; ML: Machine Learning; QUADAS-AI: Quality 
Assessment of Diagnostic Accuracy Studies-Artificial Intelligence; 
RVSD: Right Ventricular Systolic Dysfunction; SHAP: SHapley 
Additive exPlanations; XGBoost: Extreme Gradient Boosting

Introduction

Ventricular dysfunction, cardiomyopathy, and Heart Failure (HF) 
remain important causes of morbidity, hospitalization, transplantation, 
and mortality in children with Congenital Heart Disease (CHD) and 
acquired heart disease [1,2]. Nearly half of children without known 
heart disease who later required hospitalization for systolic HF 
were initially misdiagnosed, especially in primary care settings, and 
those with longer symptom duration were at greatest risk, resulting 

in considerable unnecessary evaluation and treatment [3]. Early 
recognition of ventricular dysfunction is particularly important 
because timely intervention may prevent progression to irreversible 
remodeling, advanced HF, transplantation, or death [4,5]. However, 
diagnosis continues to rely primarily on echocardiography and Cardiac 
Magnetic Resonance (CMR) imaging, which require specialized 
expertise, may be resource intensive, and are not universally available. 
Consequently, there is growing interest in developing accessible and 
scalable tools for early identification of ventricular dysfunction and 
HF in pediatric populations.

Artificial intelligence (AI), particularly machine learning (ML) 
and deep learning (DL), has emerged as a transformative approach for 
extracting clinically meaningful information from large and complex 
datasets [6,7]. In adults, AI-enabled electrocardiography (AI-ECG) 
models have shown diagnostic performance comparable to more 
advanced imaging modalities and have been increasingly integrated 
into cardiovascular screening, risk stratification, and HF management 
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pathways [8]. The application of AI to pediatric automatic ECG 
analysis has improved over time [9,10]. AI- ECG has demonstrated 
the ability to detect left ventricular systolic dysfunction (LVSD), 
right ventricular systolic dysfunction (RVSD), hypertrophy, chamber 
dilation, arrhythmias, and HF [11-15]. Importantly, adult-trained 
AI models appear to perform less well in children, highlighting the 
need for pediatric-specific algorithms that account for age-related 
differences in cardiac anatomy, physiology, and electrophysiology 
[16]. This systematic review and meta-analysis evaluate the current 
evidence supporting AI and ML applications for the diagnosis and 
risk stratification of ventricular dysfunction, cardiomyopathy, and HF 
in children. We summarize the diagnostic performance of available 
pediatric AI models, review emerging applications in pediatric 
cardiomyopathy and HF, and discuss future directions for integrating 
AI into precision pediatric cardiovascular care.

Methods

Search Strategy and Study Selection

This systematic review and meta-analysis were conducted according 
to the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 statement (Figure 1) [17]. A comprehensive 
literature search was performed in PubMed/MEDLINE, Embase, 
Scopus, and Google Scholar from 2000, through 2026. Search terms 
included combinations of “artificial intelligence,” “machine learning,” 
“deep learning,” “neural network,” “AI-ECG,” “electrocardiography,” 
“ventricular dysfunction,” “left ventricular systolic dysfunction,” 
“right ventricular dysfunction,” “cardiomyopathy,” “heart failure,” 
“ventricular remodeling,” “congenital heart disease,” “pediatric,” 
“children,” and “adolescent.” Reference lists of eligible studies and 

relevant review articles were manually screened to identify additional 
publications. The literature search yielded 109 records. After removal 
of 28 duplicates, 81 studies underwent title and abstract screening. 
Nine articles were assessed in full text, of which six met inclusion 
criteria for qualitative synthesis and two studies provided sufficient 
diagnostic accuracy data for quantitative meta-analysis.

PICO Framework

The review was designed using the Population-Intervention-
Comparator-Outcome (PICO) framework [18].

Population: Children and adolescents (<18 years) with ventricular 
dysfunction, cardiomyopathy, CHD, ventricular remodeling, or HF.

Intervention: AI, ML, DL, neural network-based algorithms, AI-
ECG, and imaging-based ML models.

Comparator: Conventional electrocardiography, echocardiog-
raphy, clinician interpretation, or standard clinical risk stratification 
methods.

Outcomes: Diagnostic performance for ventricular dysfunction, 
ventricular remodeling, ventricular hypertrophy, ventricular dilation, 
cardiomyopathy, or HF, including sensitivity, specificity, diagnostic 
odds ratio (DOR), positive predictive value, and negative predictive 
value.

Eligibility Criteria

Studies were eligible if they: (1) evaluated AI, ML, or DL methods 
in pediatric cardiovascular populations; (2) focused on ventricular 
dysfunction, cardiomyopathy, ventricular remodeling, CHD, or 
HF; (3) reported original human data; and (4) provided diagnostic 

Figure 1: PRISMA flow diagram for AI studies for pediatric ventricular dysfunction.
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or prognostic performance metrics. Studies were excluded if they 
were review articles, editorials, conference abstracts without full 
manuscripts, animal studies, duplicate publications, or lack of 
sufficient outcome data for extraction. Adult-only studies were 
excluded unless they represented childhood disease survivorship 
populations or provided methodological insights directly relevant to 
pediatric cardiovascular care.

Data Extraction

Two reviewers (B.D, and S.D.) independently screened titles, 
abstracts, and full-text articles. Disagreements were resolved by 
consensus. Extracted variables included study design, publication 
year, patient population, sample size, underlying cardiac diagnosis, AI 
methodology, input data source, comparator methods, and diagnostic 
or prognostic outcomes. For diagnostic studies, sensitivity, specificity, 
and DOR were extracted whenever available. For prognostic studies, 
mortality, transplantation, HF progression, and remodeling outcomes 
were collected.

Risk of Bias Assessment

Risk of bias and applicability were independently assessed by 
the same investigators using the Quality Assessment of Diagnostic 
Accuracy Studies-Artificial Intelligence (QUADAS-AI) tool, an 
extension of QUADAS-2 specifically developed for AI-based 
diagnostic studies [19]. QUADAS-AI evaluates four domains: 
patient selection, index test, reference standard, and flow and timing, 
while incorporating AI-specific considerations related to dataset 
development, model validation, and clinical applicability. Studies 

were considered to have an overall low risk of bias and low concerns 
regarding applicability only when all domains were rated as low 
risk; any high or unclear rating resulted in an overall classification 
of potential bias or applicability concerns. Overall study quality was 
determined by consensus. Overall study quality was determined 
through consensus review.

Data Synthesis and Statistical Analysis

A quantitative synthesis was performed for pediatric AI-ECG 
studies reporting diagnostic performance for ventricular dysfunction. 
The primary diagnostic meta-analysis included studies by Mayourian 
et al. [11] and Anjewierden et al. [12] which provided extractable 
measures of sensitivity and specificity for LVSD, ventricular 
hypertrophy, ventricular dilation, and RVSD. Sensitivity, specificity, 
and diagnostic odds ratios were pooled using random-effects models 
after logit transformation. DOR was calculated as (True positive × 
True negative)/(False positive × False negative). Summary receiver 
operating characteristic (sROC) curves were generated to evaluate 
overall diagnostic performance. Studies by Garcia-Canadilla et al. 
[13] Güntürkün et al. [14] Lv et al. [15] and Yang et al. [20] were 
not included in the quantitative meta-analysis because they lack 
diagnostic accuracy outcomes suitable for quantitative pooling These 
studies were synthesized narratively.

Results

The characteristics of included studies are summarized in Table 1. 
Six studies met inclusion criteria for qualitative synthesis, including 
four diagnostic AI-ECG studies and two ML studies focused on 

AI: Artificial Intelligence; AI-ECG: Artificial Intelligence–Enabled Electrocardiography; AUROC: Area Under the Receiver Operating Characteristic Curve; DCM: Dilated Cardiomyopathy; 
ECG: Electrocardiogram; HF: Heart Failure; LV: Left Ventricular; LVEF: Left Ventricular Ejection Fraction; ML: Machine Learning; RV: Right Ventricular; SHAP: SHapley Additive 
exPlanations; XGBoost: Extreme Gradient Boosting.

Table 1: Characteristics of Included Studies.
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pediatric cardiomyopathy phenotyping and HF risk prediction. Two 
independent pediatric diagnostic cohorts, reported by Mayourian et 
al. [11] and Anjewierden et al., [12] provided sufficient diagnostic 
accuracy data for quantitative synthesis. Studies by Garcia-Canadilla 
et al. [13] Güntürkün et al. [14] Lv et al. [15] and Yang et al. [20] were 
included in the narrative review because they focused primarily on 
prognostic modeling, phenotyping, mortality prediction, survivorship 
risk assessment, or methodological development rather than 
independent diagnostic accuracy.

Mayourian et al. [11] developed and externally validated an AI-
ECG model using 92,377 ECG-echocardiogram pairs from 46,261 
children and demonstrated excellent performance for detecting 
LVSD, hypertrophy, and dilation, with externally validated area 
under the receiver operating characteristic curve (AUROC) values 
of 0.94, 0.84, and 0.87, respectively. Anjewierden et al. [12] evaluated 
10,142 pediatric patients and reported AUROC values of 0.93 for 
severe LVSD (LVEF ≤35%), 0.88 for moderate LVSD (LVEF <50%), 
and 0.90 for RVSD. Yang et al. [20] subsequently expanded these 
observations in a large CHD cohort using >178,000 ECGs from over 
70,000 pediatric patients and demonstrated that adversarial training 
strategies improved AI-ECG robustness and maintained diagnostic 
performance under data-limited conditions, further supporting the 
feasibility of large-scale pediatric AI-ECG screening. Although the 
Yang study [20] utilized a cohort that substantially overlapped with 
previous Boston Children’s Hospital datasets and did not report 
independent diagnostic accuracy outcomes suitable for meta-
analysis, it provides important methodological validation for future 
deployment of AI-ECG systems.

Quantitative synthesis demonstrated high overall diagnostic 
performance for AI-ECG detection of pediatric ventricular 
abnormalities (Figure 2). Using a random-effects model, pooled 
sensitivity was 0.92 (95% CI 0.88-0.94), pooled specificity was 0.73 
(95% CI 0.58-0.84), and the pooled diagnostic odds ratio was 34.22 

(95% CI 11.08-105.72). Sensitivity remained consistently high across 
studies and disease phenotypes, whereas specificity demonstrated 
greater variability. The summary sROC curve further demonstrated 
excellent overall discriminatory performance (Figure 3).

Risk-of-bias assessment using QUADAS-AI demonstrated 
predominantly low risk across patient selection, index test, reference 
standard, and flow/timing domains (Figure 4). The studies by 
Mayourian et al. [11] and Anjewierden et al., [12] which formed the 
basis of the quantitative meta-analysis, demonstrated consistently low 
risk across most domains. Studies focused on prognostic modeling or 
methodological development, including Garcia-Canadilla et al., [13] 
Güntürkün et al., [14] Lv et al., [15] and Yang et al., [20] demonstrated 
low risk for index test and reference standard domains but had unclear 
ratings regarding AI-specific methodology, external validation, and 
broader clinical applicability. No study was judged to have a high risk 
of bias in any major QUADAS-AI domain.

Discussion

This systematic review demonstrates that AI‑ECG has matured 
into a reliable diagnostic tool for detecting ventricular dysfunction 
in children, with consistently high sensitivity across independent 
pediatric cohorts. Only two studies, Mayourian et al. [11] and 
Anjewierden et al. [12], provided sufficient diagnostic accuracy data 
for quantitative pooling, yet both contributed large, well‑characterized 
cohorts and demonstrated excellent performance for identifying 
LVSD and RVSD. The pooled estimates from these studies showed 
high sensitivity (0.92) and good overall discriminatory performance, 
although specificity varied more widely, reflecting differences in 
population characteristics, disease prevalence, and model thresholds.

Several additional studies contributed important methodological 
and prognostic insights despite not meeting criteria for quantitative 
synthesis. Yang et al. expanded prior work by demonstrating that 
adversarial training strategies improve model robustness and 

(LV: left ventricle, RV: right ventricle, EF: ejection fraction).
Figure 2: Forest Plot of AI-ECG Diagnostic Accuracy in Children.
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maintain diagnostic performance even under data‑limited conditions, 
supporting the feasibility of scalable pediatric AI‑ECG deployment 
[20]. Other ML studies, Garcia‑Canadilla et al., Güntürkün et al., 
and Lv et al. focused on phenotyping, mortality prediction, and 

survivorship risk assessment rather than diagnostic accuracy [13-
15]. These investigations highlight the broader potential of AI to 
characterize disease heterogeneity, identify high‑risk subgroups, and 
support early risk stratification in pediatric cardiomyopathy and HF.

Figure 3: Summary Receiver Operating Characteristic (sROC) Curve for Artificial Intelligence–Enabled Electrocardiography in Pediatric Ventricular Dysfunction.

Figure 4: QUADAS-AI Assessment of Risk of Bias and Applicability Concerns in Included Studies.
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Risk‑of‑bias assessment using QUADAS‑AI demonstrated 
predominantly low risk across included studies. The two diagnostic 
accuracy studies underpinning the meta‑analysis showed consistently 
low risk across patient selection, index test, reference standard, and 
flow/timing domains. Studies focused on prognostic modeling or 
methodological development were generally low risk for index test 
and reference standard domains but had unclear ratings related to 
AI‑specific methodology, external validation, and generalizability. No 
study was judged to have high risk in any major domain.

Future Directions
The rapid evolution of AI is expected to extend the role of 

ECG‑based analytics in pediatric cardiovascular care, enhancing its 
utility as a scalable screening tool in resource‑limited settings and 
expanding applications to areas such as right ventricular functional 
assessment, where pediatric data remain limited. Building on early 
pediatric resynchronization studies demonstrating the prognostic 
relevance of electrical and mechanical dyssynchrony [21,22], future 
AI‑ECG models may detect early remodeling and stratify risk before 
overt ventricular dysfunction emerges. As multimodal integration of 
ECG, echocardiography, CMR, biomarkers, genomics, and electronic 
health record data advances [23], larger longitudinal datasets may 
enable AI systems to track disease progression, quantify response to 
therapy, and support the incorporation of ECG‑derived metrics as 
meaningful endpoints in pediatric HF research [24]. Adapting these 
AI‑enabled approaches to children may ultimately support precision 
pacing strategies tailored to individual anatomic substrates, ventricular 
geometry, and electromechanical activation patterns, an important 
need given that many pediatric patients with ventricular dysfunction 
do not meet traditional adult CRT criteria [25]. Federated learning 
frameworks offer a promising path to overcome the inherent rarity and 
heterogeneity of pediatric HF by enabling secure, multicenter model 
development while preserving patient privacy and institutional data 
ownership, a strategy increasingly recognized as essential for robust 
pediatric AI research. Together, these advances position AI‑ECG 
analytics to shift pediatric HF management from reactive treatment 
toward proactive, phenotype‑guided, and precision‑based care.

Conclusions

AI is rapidly transforming the detection, phenotyping, risk 
stratification, and management of pediatric ventricular dysfunction, 
cardiomyopathy, and HF. Current evidence demonstrates that AI-
enhanced ECG provides high diagnostic accuracy for ventricular 
dysfunction and adverse remodeling, offering a scalable, low-cost 
screening tool that complements conventional imaging and may 
expand access to early diagnosis. ML approaches also show promise 
for cardiomyopathy phenotyping, prognostication, and surveillance 
of chemotherapy-related cardiotoxicity. However, widespread clinical 
implementation remains constrained by limited pediatric datasets, 
single-center studies, and methodological heterogeneity. Future efforts 
should prioritize multicenter validation, standardized reporting, 
prospective implementation studies, and integration of multimodal 
clinical, imaging, genomic, and physiologic data to enable robust, 
equitable, and precision-based care for children with ventricular 
dysfunction and heart failure.
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