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Abstract

Pediatric obesity is a complex, multifactorial pandemic with serious early-onset comor-
bidities, including prediabetes, type 2 diabetes, metabolic dysfunction-associated steatotic
liver disease (MASLD), and cardiovascular disorders. While lifestyle modifications and the
Mediterranean diet remain primary interventions, artificial intelligence (Al) is emerging
as a critical tool for early diagnosis and personalized management. This review evaluates
the current role of Al in predicting and treating childhood obesity and its complications.
A literature search was conducted on PubMed and Google Scholar for English-language
articles published from 2015 onward. Search terms included combinations of keywords
related to “obesity”, “pediatric”, “comorbidities” (e.g., MASLD, diabetes), and “artificial
intelligence” (e.g., machine learning, deep learning, multi-omics). Eligible study types
ranged from original articles to systematic reviews and clinical guidelines. By integrat-
ing multi-omic data (genome, epigenome, transcriptome, metabolome, microbiota) with
socio-psychological metrics, Al can predict obesity risk and early complications. Machine
learning (ML) and deep learning have successfully identified specific metabolites, gut
flora alterations, neurological pathways, and metabolic SNPs linked to obesity suscep-
tibility. Furthermore, ML-driven prognostic models enable risk assessment for MASLD
or diabetes progression, while specialized software supports remote lifestyle monitoring
and tailored dietary interventions. Al has the potential to revolutionize pediatric obesity
management through precision medicine. However, challenges regarding data privacy,
digital literacy, and equitable access persist. Because current evidence relies heavily on
limited and heterogeneous pediatric datasets, large-scale, well-characterized, and externally
validated cohorts are essential to establish the clinical applicability of AI models before
routine implementation.
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1. Introduction

Childhood obesity is a major global public health challenge because of its increasing
prevalence and its long-term health consequences. In pediatric-age individuals, obesity
is defined using age-specific WHO growth charts based on weight-for-length or body
mass index (BMI) percentiles [1]. The vast majority of cases are classified as primary
obesity, a polygenic and multifactorial condition resulting from the interaction of genetic
susceptibility, epigenetic programming, neuroendocrine regulation, and environmental,
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behavioral, and psychosocial determinants [1-9]. Secondary forms, including monogenic
and syndromic obesity, are rare but should be suspected in children presenting with
early onset, rapid weight gain, short stature, developmental delay, dysmorphic features,
or other syndromic manifestations [1]. Genome-wide association studies have identified
susceptibility variants in genes involved in appetite regulation and energy homeostasis
(including FTO, MC4R, POMC, PCSK1, and BDNF), while epigenetic mechanisms during
the first 1000 days of life and neuroendocrine alterations, such as leptin resistance and
impaired gut hormone signaling, further contribute to disease development [3-8].

The greatest clinical burden of childhood obesity derives from its metabolic com-
plications, which develop early in life and frequently persist into adulthood [1]. Excess
adiposity induces chronic low-grade inflammation characterized by macrophage infiltration
of visceral adipose tissue, altered adipokine secretion, oxidative stress, and mitochondrial
dysfunction, ultimately promoting systemic insulin resistance [10,11]. Elevated circulating
free fatty acids and pro-inflammatory cytokines, together with reduced adiponectin levels,
impair glucose uptake and increase pancreatic (3-cell demand, thereby creating a predis-
position to type 2 diabetes mellitus (T2DM) [10,11]. In genetically susceptible individuals,
several loci associated with pediatric T2DM have been identified, although environmental
factors, particularly hypercaloric diets and physical inactivity, remain the principal triggers
of disease onset [12]. Compared with adult-onset disease, pediatric T2DM follows a more
aggressive clinical course, characterized by greater insulin resistance, accelerated {3-cell fail-
ure, poorer glycemic control, and earlier development of microvascular and macrovascular
complications [11,12].

Obesity-related metabolic dysfunction also encompasses hypertension, dyslipidemia,
systemic inflammation, oxidative stress, and increased cardiovascular risk, which collec-
tively constitute the pathophysiological substrate of metabolic syndrome (MS) [10-14].
Although a universally accepted pediatric definition of MS is still lacking, the clustering of
these abnormalities substantially increases the risk of future cardiovascular disease and
premature mortality [13-15].

Metabolic dysfunction-associated steatotic liver disease (MASLD), formerly non-
alcoholic fatty liver disease, represents the hepatic manifestation of obesity-related
metabolic dysfunction and is currently the most common chronic liver disease in chil-
dren with obesity [16]. Approximately one-third of obese children are affected, with disease
severity ranging from simple steatosis to metabolic-associated steatohepatitis (MASH),
fibrosis, and cirrhosis. Obesity, insulin resistance, dyslipidemia, hypertension, and genetic
variants, particularly the PNPLA3 I1148M polymorphism, are the principal risk factors
for disease progression [16]. Although advanced fibrosis is uncommon during childhood,
pediatric MASLD is associated with an increased lifetime risk of progressive liver disease,
cardiovascular disease, T2DM, and premature mortality, underscoring the importance of
early identification and intervention [16].

Overall, the metabolic consequences of childhood obesity begin long before adult-
hood and represent the principal determinants of long-term morbidity. Early recognition
of metabolic dysfunction, together with timely multidisciplinary interventions targeting
lifestyle, behavioral, and, when appropriate, pharmacological treatment, is therefore essen-
tial to improve both metabolic health and future cardiovascular outcomes [1,10-16].

Artificial Intelligence Applied to Healthcare: Available Data Sources

Artificial intelligence (Al) encompasses a broad range of computational methods that
perform tasks typically requiring human intelligence, ranging from symbolic and rule-
based systems to machine learning (ML) approaches capable of learning patterns from
data and generating predictions or decisions that support human judgment. In health-
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care, Al has emerged as a powerful tool for developing predictive models that estimate
clinically relevant outcomes by integrating large volumes of heterogeneous patient data.
These models are increasingly used to support diagnosis, prognosis, risk stratification,
treatment selection, and personalized patient management, thereby contributing to the
implementation of precision medicine [17,18].

The performance of Al-based predictive models relies on the availability of large,
high-quality datasets representative of the target population. During the training process,
algorithms learn the complex relationships between patient characteristics and predefined
clinical outcomes, enabling subsequent prediction in previously unseen patients. Health-
care datasets typically include demographic information, medical history, laboratory tests,
physiological measurements, imaging data, histopathological findings, genomic and epige-
nomic profiles, electronic health records (EHRs), and data generated by wearable devices
or continuous monitoring systems. The integration of these multimodal data sources repre-
sents one of the major challenges in predictive modeling because they differ substantially in
structure, dimensionality, and format. Advances in Al have enabled increasingly effective
methods for harmonizing these heterogeneous data and extracting clinically meaningful
patterns that may not be apparent using conventional statistical approaches [18].

ML, a major branch of Al, provides the methodological framework for construct-
ing predictive models by learning the relationship between input variables and clinical
outcomes directly from data. Depending on the availability of labeled outcomes, ML algo-
rithms can be categorized as supervised, unsupervised, semi-supervised, or reinforcement
learning. In clinical prediction, supervised learning is the most widely adopted approach
because it uses labeled datasets to estimate predefined outcomes, such as disease diagnosis,
treatment response, disease progression, recurrence, survival, or the occurrence of adverse
clinical events [17,18]. Common supervised algorithms include logistic regression (LR), de-
cision trees (DTs), support vector machines (SVMs), naive Bayes classifiers, artificial neural
networks (ANNSs), and ensemble methods such as random forests (RFs) and gradient boost-
ing (GB). These algorithms differ in their mathematical assumptions and complexity but
share the objective of maximizing predictive accuracy while maintaining generalizability
to independent patient cohorts.

Unsupervised learning, in contrast, identifies hidden structures within unlabeled
datasets without predefined outcome variables. Although not directly predictive, it plays
an important role in predictive modeling by identifying patient subgroups, reducing data
dimensionality, and discovering previously unrecognized disease phenotypes. Techniques
such as clustering and principal component analysis (PCA) are frequently employed
during data preprocessing to improve the performance and interpretability of subsequent
supervised predictive models [18]. Reinforcement learning represents another learning
paradigm in which an agent optimizes sequential decision-making through interactions
with its environment, making it particularly attractive for applications requiring dynamic
treatment optimization and adaptive clinical decision support [17].

Deep learning (DL), a specialized subfield of ML based on multilayer artificial neural
networks, has substantially expanded the capabilities of predictive modeling by learning
hierarchical feature representations directly from raw data without requiring manual fea-
ture engineering. This characteristic makes DL particularly effective for analyzing complex,
high-dimensional, and heterogeneous biomedical datasets. Compared with traditional
ML algorithms, DL models can learn features directly from raw, high-dimensional data
and have been increasingly applied to integrate multiple data modalities—including ra-
diological and histopathological images, genomic information, laboratory measurements,
physiological signals, and clinical variables—into unified predictive frameworks capa-
ble of capturing highly nonlinear relationships, although robust multimodal integration
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(e.g., modality alignment and missing modalities) remains an open methodological chal-
lenge [18,19].

Among DL architectures, convolutional neural networks (CNNs) have long been the
reference standard for image-based predictive modeling, although vision transformers
(ViTs) and hybrid architectures have more recently matched or surpassed them in sev-
eral medical imaging tasks. CNNs automatically extract relevant imaging features and
have demonstrated excellent performance in disease detection, lesion segmentation, tumor
classification, prediction of treatment response, and prognosis across several medical spe-
cialties, including radiology, pathology, dermatology, and ophthalmology [18,19]. Their
widespread adoption has been facilitated by transfer learning, whereby models pretrained
on large image repositories are fine-tuned using relatively small medical datasets, improv-
ing predictive performance while reducing the amount of annotated clinical data required
for training.

In addition to imaging, predictive models increasingly exploit information contained
in unstructured clinical documents through natural language processing (NLP). NLP en-
compasses rule-based, ML, and DL approaches designed to convert narrative clinical
information—including electronic health records, pathology reports, radiology reports, and
clinical notes—into structured variables suitable for predictive analysis [17,18]. Modern
transformer-based language models and other deep learning architectures have substan-
tially improved the extraction of clinically relevant information from free-text documents,
allowing predictive models to incorporate textual information alongside structured clini-
cal variables.

The integration of structured clinical data, medical imaging, genomic information,
physiological signals, and narrative clinical text into multimodal AI models represents
one of the most promising developments in predictive medicine. Such models can si-
multaneously exploit complementary sources of information to improve diagnostic
accuracy, estimate individualized disease risk, predict therapeutic response, identify
patients at high risk of complications, and support personalized treatment strategies. In
genomics, for example, DL-based predictive models have shown considerable promise in
integrating genomic variants with phenotypic, radiological, histopathological, and longi-
tudinal clinical data to predict disease susceptibility, mutation pathogenicity, biomarker
expression, and clinical outcomes. As increasingly large multimodal datasets become
available, Al-driven predictive modeling is expected to play an expanding role in pre-
cision medicine by enabling more accurate, individualized, and clinically actionable
predictions [18,19].

Figure 1 highlights the applications of Al to childhood obesity.
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Al approaches are complementary and can be combined (e.g., supervised + deep learning + multi-omics) to improve prediction accuracy,
explainability and clinical utility in pediatric obesity, T2DM and MASLD.

Figure 1. Al algorithms and their application to childhood obesity.

2. Methods

This narrative review was conducted through a literature search in the databases
PubMed and Google Scholar. The study was conducted from December 2025 to March
2026. The search strategy combined the following keywords using the Boolean operators
AND and OR: (“obesity” OR “globesity”) AND (“children” OR “pediatric”) AND (“co-
morbidities” OR “metabolic comorbidities” OR “MASLD” OR “diabetes”) AND (“artificial
intelligence” OR “machine learning” OR “deep learning” OR “multiomics”). Additional
manual searches of the reference lists of relevant articles were also performed to identify
further eligible publications. The inclusion criteria were articles published in English from
2010 onward and full-text original articles, narrative reviews, systematic reviews, scoping
reviews, meta-analyses, consensus statements, and clinical guidelines that are relevant to
the aims of the review. Model-development studies with internal validation were included.
Studies on cohorts of obese adults and cohorts of obese adults with metabolic comorbidities,
such as T2DM and MASLD, and related complications were included. Studies not directly
related to the topic or not meeting the inclusion criteria were excluded. Duplicate studies
were excluded. Articles focusing on non-metabolic complications of childhood obesity
were excluded, as were articles whose study populations consisted of older adults with
other obesity comorbidities than metabolic types; studies on lean adults with MASLD
were also excluded. Article selection was based on title and abstract screening, followed
by full-text assessment when appropriate. Screening and data extraction were performed
independently by two different authors. A total of 96 papers were selected in the screening
phase. Data about obesity prediction risk, metabolic complication prediction risk, and
Al-based models used to implement clinical treatment and monitoring of obesity and its
metabolic complications were extracted; when none of these was available the paper was
excluded (9 papers). All the authors agreed to the inclusion of the selected papers and to
the exclusion of the others.
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3. Results

Several scientific works in the literature have demonstrated the usefulness of Al in
various fields of healthcare and in recent years Al models have been applied to different
aspects of childhood obesity. In particular, Al techniques have been used for the assessment
of nutritional status, early diagnosis of complications, the therapeutic response to drugs and
bariatric surgery, and the formulation of personalized lifestyle-modification treatments [20].
This results in a significant contribution of Al to precision medicine, which will be able to
provide personalized treatments to patients based on their risk category and will be able to
direct pharmacological treatment to those patients who are most likely to benefit from it.
The goal of precision medicine in childhood obesity is to identify a targeted treatment based
on a precise diagnosis based on the individual patient’s specific characteristics: genetic
and epigenetic factors, environmental factors such as diet, environmental pollutants, a
sedentary lifestyle, smoking, insomnia (which constitute the exposome, i.e., the set of
factors to which the individual is exposed), and metabolic and meta-inflammatory status.
This process of integrating the patient’s global characteristics is called “deep phenotyping”
and allows for the creation of a risk profile for each patient and the individualization of
treatment strategies [10].

Figure 2 synthesizes Al applications in healthcare and specifically to childhood obesity
and its metabolic complications.
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Figure 2. Al application in healthcare: integration of multimodal data (e.g., genetic, epigenetic, clinical
and biochemical biomarkers, microbiota, radiological data, EHR, behavioral and socioeconomic data),
generating algorithms that allow risk prediction for a certain outcome, in this case obesity-related
metabolic complications. Risk prediction models can create specific dietary and monitoring plans,
allowing precision treatment and preventive strategies.
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Al-based models integrate heterogeneous data, including EHRs, growth trajectories,
lifestyle factors, dietary habits, physical activity, and social and environmental determi-
nants, improving obesity risk stratification and prevention strategies [20]. Computer vision
applied to satellite imagery can quantify obesogenic environmental features, such as green
spaces, recreational facilities, bike paths, and the density of fast-food outlets, enabling the
generation of high-resolution maps of obesity risk areas to support targeted public health
interventions [21].

ML and DL algorithms, including recurrent neural networks (RNNs), can model
the complex interactions underlying childhood obesity. Al has been used to integrate
neuroimaging and metabolomic data, identifying structural brain alterations in reward-
and default-mode networks and microbiome-derived metabolites associated with obesity,
achieving high diagnostic accuracy in distinguishing obese from overweight and severely
obese individuals [22]. These findings are supported by preclinical evidence demonstrating
altered brain activity and microbiome composition in obesity, highlighting the role of the
gut-brain axis and amino acid-derived metabolites such as agmatine [23,24].

Al also supports the identification of obesity-related psychopathological comorbidities.
For example, a naive Bayes predictive model based on the Yale Food Addiction Scale
can identify patients with food addiction who may benefit from targeted psychological
interventions, potentially improving treatment adherence and outcomes [22].

Numerous ML and DL models have been developed to predict obesity onset, disease
progression, and obesity-related complications by integrating clinical, environmental, be-
havioral, genomic, and epigenomic data [19,25-29]. Among the most accurate approaches
are artificial neural networks (ANNs), SVMs, RF, DTs, and k-nearest neighbors (KNNs),
which have demonstrated good performance in identifying high-risk individuals and
relevant biomarkers [19,27]. Multi-omics approaches combining genomic variants, DNA
methylation, dietary factors, and lifestyle characteristics further support precision preven-
tion strategies from a nutrigenomics perspective [25]. Al-based clinical decision-support
systems have also identified early-life and socioeconomic risk factors for pediatric obesity,
including rapid weight gain, family characteristics, and obesogenic environments [28,30].
In addition, ML has been applied to personalized meal planning, prediction of metabolic
complications, and drug response through protein—protein interaction modeling [31-33].

Al is increasingly being integrated into obesity management through digital health
technologies, including mobile applications, wearable devices, digital coaches, large lan-
guage models (LLMs), digital therapeutics (DTx), exergames, and Internet of Things
(IoT)-based platforms [33-38]. These tools provide personalized recommendations for diet,
physical activity, sleep, and behavioral change, while enabling continuous monitoring
and remote clinical supervision through reinforcement learning algorithms and wearable
sensors. Platforms such as ETIOBE integrate patient-generated data with clinical informa-
tion to support individualized treatment and long-term follow-up [38]. Although these
technologies show promising effects on adherence, lifestyle modification, and weight man-
agement, their effectiveness remains dependent on user engagement, digital literacy, and
the reliability of Al-generated recommendations [33-38]. Consistent with the 2023 Ameri-
can Academy of Pediatrics guidelines, Al-based tools should complement comprehensive,
multidisciplinary lifestyle interventions rather than replace them [39].

3.1. Predictive Models for the Diagnosis and Management of T2DM

Various Al techniques have been applied for the diagnosis and risk stratification of
complications in obese patients. In particular, this section and the next one focus on the use
of Al for the early diagnosis and the formulation of predictive models for the risk of T2DM
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and MASLD, given the high prevalence in obese children and adolescents, which justifies
the extensive study by several research groups in the last decade.

Validated applications of ML and DL in the diagnosis and management of T2DM are
diverse: through DTs, RE or neural networks, it is possible to predict the risk of diabetes in
obese patients by analyzing lifestyle, clinical and psychological factors, and physical and
social habits; and they can be used to build predictive prognosis models and personalize
treatment in diabetic patients and to predict long-term complications; for example, through
DL (CNN) it is possible to perform automated retinal screening to identify early signs of
diabetic retinopathy. Furthermore, it is possible to phenotype the patient through genomic
and epigenetic studies and achieve autonomous patient management through monitoring
devices that use Al software, sensors and telemedicine [40].

However, as shown in Table 1, research by Yang et al. produced an ML model to predict
the onset of T2DM in obese children: 292 children with obesity and T2DM were enrolled
and their characteristics were studied. Eight ML models were compared for their ability to
identify clinical and biochemical characteristics for the creation of predictive risk models.
The SVM was the best model for predicting the onset of T2DM in obese children and
identified eight characteristics on which the predictive model was based: BMI, creatinine,
prealbumin, thyrotropin, total thyroxine, free thyroxine, glycosylated hemoglobin, and
blood glucose 180 min after an oral glucose load [41]. In contrast, many more studies have
been conducted on cohorts of obese adult patients. The study by Zou et al., conducted on a
large cohort of patients, developed an RF-based predictive model that forecasts the risk of
developing T2DM based on the patients’ clinical and biochemical characteristics [40]. Using
an ML algorithm, the study by Sun et al. analyzes dietary patterns and identifies, among
various diets, the one associated with obesity and the highest risk of T2DM, based on sugary
and processed foods [42]. The review by Nomura et al. reports articles demonstrating that
using models based on GB, RF and LR it is possible to predict the onset of T2DM up to
5 years before the onset [43]. Techniques such as ANN applied to a database of biochemical
data have been found to be effective in identifying patients with prediabetes and T2DM [44].
Models using DT and RF have shown good specificity and accuracy in associating risk
factors such as high total cholesterol, LDL cholesterol, and triglycerides with the onset
of T2DM, as well as less-considered risk factors such as having fewer than 6 h of sleep a
night, a high sodium intake, psychological stress, exposure to environmental pollutants,
and living in urbanized areas [45]. Furthermore, through ML it was possible to study and
identify biomarkers of beta-cell dysregulation in patients with T2DM, such as the depletion
of mature insulin-producing cells, the expansion of immature cells and of cells produced in
response to endoplasmic reticulum stress, and the modification of acinar cells towards an
inflammatory pattern and of ductal cells towards a secretory pattern [46].

ML is effective in producing predictive models of risk of developing complications
in obese patients with T2DM [47]. Already in 2018, Ahlqvist and colleagues had applied
k-means and hierarchical clustering to reclassify adults with new-onset diabetes into sub-
groups based on clinical and biochemical characteristics, comparing the groups using LR
and Cox regression methods to compare the risk of complications across groups. Among
the subgroups, individuals with insulinopenia showed a higher risk of diabetic retinopathy,
while individuals with severe insulin resistance had a higher risk of diabetic nephropa-
thy [48]. Another k-means-based model was used in a cohort of 19,084 individuals with
T2DM, classified into four groups based on clinical variables (age at diagnosis, BMI, glyco-
sylated hemoglobin, HDL cholesterol, C-peptide, waist circumference), identifying a group
with early-onset T2DM with poor glycemic control and a high risk of nephropathy and
retinopathy [49].
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ML has been widely applied in the field of precision nutrition to tailor a personalized
diet to the individual, aimed at preventing or managing diet-related diseases [50-52]. An
example is provided by the study by Zeevi et al., who developed a personalized diet to
predict glycemic response in 800 healthy and prediabetic adults, considering biochemical
and anthropometric data, diet, physical activity, and gut microbiota data in an integrated ap-
proach. The researchers adopted a GB regression (ML) algorithm that accurately predicted
postprandial glycemic responses to meals: a randomized, blinded, controlled intervention
based on an algorithm-predicted diet led to significantly lower postprandial glycemic
values and changes in gut microbiota composition [51]. Similar results were obtained in
two other similar studies on a population of American adults [53,54]. In the therapeutic
management of T2DM, a platform (AdvisorPro manufactured by DreaMed Diabetes, Ltd.,
https://clinicaltrials.gov /study /NCT04043260 (accessed on 5 August 2026)) has been
created that integrates data from continuous monitoring sensors with self-monitoring
of blood glucose levels to suggest insulin dose adjustments, with results no lower than
those proposed by the clinician. Another software program (Guardian manufactured by
Medtronic, https:/ /carelink.medtronic.eu/ (accessed on 5 August 2026)) allows for the
prediction of hypoglycemia in diabetic patients up to 30 min in advance, allowing for better
glycemic control and fewer adverse events [43].

3.2. Predictive Models for the Diagnosis and Management of MASLD

It is well known that there are no validated treatments for MASLD and that the gold
standard for diagnosis remains a liver biopsy, an option that is not very feasible, especially
in children. Thanks to ML and DL algorithms, advances have been made in screening,
long-term prognosis, treatment, and monitoring of MASLD [55]. Table 2 summarizes the
contribution of Al in this field.

Al has improved our understanding of the pathogenesis of MASLD in obese patients
through the study of lipidomics, the transcriptome, metabolomics, and the intestinal micro-
biota of obese patients with MASLD. ML techniques can analyze the transcriptome and
genes implicated in the pathophysiology of MASLD, identifying new genes and biomark-
ers associated with it, such as AXUD1, FOSB, GADDA45B, and SOCS2 [56]. Metabolomics
and the lipidome can be studied, integrating data from a multi-omics perspective (in this
field, metabolites such as glutamic acid, isocitric acid, and C4BPA have been identified as
predictors of MASLD) [57]. It is also possible to study the role of exposure to environmen-
tal pollutants, such as pesticides, in the onset and progression of MASLD, or to conduct
large-scale screening using EMR to identify the true incidence of this disease. ML also
allows for risk stratification, prognosis prediction, and analysis of the role of comorbidities
in the overall risk of the individual patient, with a view to precision medicine. It allows for
treatment support by providing a personalized diet and a prediction of drug response [58].
ML-based models, especially RF and SVM, have been validated in predicting the onset of
MASLD based on clinical and/or demographic characteristics of obese patients [59-64].
In the study by Zhang et al., a predictive model based on an XGBoost algorithm was
found to be effective in establishing the risk of MASLD using clinical and biochemical
data as predictive factors, with particular predictive value of waist circumference [65]. In
the work of Li et al., two combined indices (roundness index and triglyceride—-glucose
index) were identified as predictive factors of MASLD in obese patients through ML [66],
while another working group realized a visceral adiposity index as a predictor of MASLD
through RF and XGBoost [67]. Another model integrated factors such as age and sex
with a dietary inflammation score and the presence of diagnostic features of metabolic
syndrome to estimate the risk of MASLD in obese individuals: this model suggests that
consumption of high glycemic index foods, low intake of flavonoids and vitamin D, low
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perception of one’s health status, poor psychological well-being and an increasing trend
of liver enzymes are all predictors of the onset of MASLD [68]. Another ML-based model
highlighted BMI and triglycerides as independent predictors of steatosis and progression
to MASH [69]. Regarding the prognosis of MASLD, ML demonstrated approximately 10%
better performance than the FIB4 calculation method in discriminating liver fibrosis, using
clinical, anthropometric and biochemical data [70]. Through ML it is possible to identify
negative prognostic factors in patients with MASLD, including the risk of developing
hepatocellular carcinoma [71]. A model called CART was also created to identify subjects
with MASLD at high cardiovascular risk [72].

DL-based models, such as CNN, have been shown to be useful in detecting hepatic
steatosis on ultrasound images [73], in quantifying hepatic steatosis from computed to-
mography images [74], and in identifying microscopic features typical of MASLD from
histological images [75-78]. In the study by Heinemann et al., a CNN-based model created
a predictive score for steatosis, inflammation, and fibrosis from biopsy images [79]. A
model using CNN has been shown to be able to recognize stages of fibrosis from elastog-
raphy data. Furthermore, it is possible to integrate the data from radiomics (computed
tomography, ultrasound, contrast-enhanced ultrasound, magnetic resonance imaging) with
data derived from circulating DNA or biomarkers derived from metabolomics studies [80].

Regardless, to date, there have been few studies conducted on large pediatric cohorts
whose data have been validated in independent cohorts. An ML model comprising SVM,
Neural Net and XGBoost algorithms, tested on 132 children and externally validated in
an independent cohort, showed good performance in diagnosing MASLD on ultrasound
images [81]. A study by Wang et al. identified 15 circulating inflammatory proteins
associated with MASLD in obese children, developing a proteomics-based risk score
(ProScore) to increase the diagnostic accuracy of MASLD in overweight and obese children.
In particular, a panel of six proteins (FGF21, CDCP1, CD244, OPG, FLT3L, MCP1) was found
to be predictive, especially in children with low genetic risk, allowing further stratification
of this group [82]. The group of Li et al. instead created a predictive nomogram in which
BMI, waist circumference, fat mass and ALT were identified as risk factors positively
associated with MASLD in obese children [83]. Using ML algorithms, biomarkers such as
tryptophan derivatives, metabolites that induce steatosis and oxidative stress, were found
to be elevated in obese patients with MASLD [84]. Some studies have analyzed the role
of the microbiota in the pathogenesis of MASLD: alterations in the microbiota influence
the development and severity of MASLD and MASH. Al has analyzed the microbiome
from children with MASLD and MASH and many differences in species diversity were
found. Using XGBoost-based models and REF, it was possible to predict the onset of MASLD
in obese children and MASH in children with MASLD based on the characteristics of the
microbiota [85]. A strain, Prevotella copri, has been identified that worsens the progression
of MASLD by down-regulating lipid metabolism genes, increasing the accumulation of
triglycerides and cholesterol in the liver and down-regulating the expression of occludins,
increasing intestinal permeability [86]. A specific microbiota typical of MASLD has been
isolated through metagenomic studies. ML identified 12 bacterial species in obese patients
with MASLD, while some strains are typically less present. Eubacterium hallii was less
abundant in patients with MASLD, both obese and lean, suggesting a possible role as a
probiotic. This strain is one of the producers of short-chain fatty acids, which have an anti-
inflammatory effect, improve intestinal permeability and the growth of eutrophic bacterial
flora, and regulate the metabolism. Specific metabolites derived from the microbiota have
also been identified in patients with MASLD, which could participate in the brain—gut
cross-talk and in the pathogenesis of the disease [87].
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representative . . - silhouette width (novel), CIRDD X . . proposed for . A
etal., 2020 3 duration <5y — on 6 of the 8 variables uria), CKD HbA1lc, serum o (no predicted and biochemical . diagnosis was
[49] ICMR-INDIAB exclusion of (C-peptide (eGFR <60 triglycerides, for the number of - 12.1% (novel), robabilities) variables, with research and risk 42-50 y and no
population implausible unfvzilable). mL/min/1.73 H]%Iz]cholest,erol, clusters; Jaccard MARD 35.8%. P . publishec’l cluster §tratification, not pediat}r]ic or
?rvey. ised HOMA values (n  Internal/external: m?2, CKD-EPI) and fasting and bootstrallp (szOO }S}D}l\) }}:}? the df means and 1nt1p l‘lsmented as adolescent
}? supervise =1512),5SD Internal: Bootstrap and diabetic stimulated rTsainp fs[))'l(?r . 1§ ©s t;zar or formal stability atook subgroup
phenotyping outliers (1 = 188) stability (Jaccard kidney disease C-peptide. cluster stability; rennopaty, statistics. analysis was
stud}'/, NOT a and index > 0.75), (CKD and/or Cox proportional followed by performed.
Strjglchon model GAD-antibody- silhouette width, albuminuria). ?;Z:;ICLS rlxilcoa(if;;s }CI;S]?}E /lg H;]ejs?
Timif{g' positive sex-stratified T2DMitself ad'usteg for age hazard forgkidne
Retrospective individuals (n = re-clustering, defined by at ]dia nosis and disease Y
derivaltoion from 66) — 19,084. sensitivity analyses at  absence of sex & .
EMR data with Mean age at diabetes duration <1, ketosis, fasting :
rospective diagnosis by <3 and <5y. External: C-peptide > 0.6
fon ?tu dinal cluster 42.1-50.2 Replication in pmol/mL,
foll%w-u for y; 58.6-73.7% ICMR-INDIAB (n = absence of
com licaliion male; mean BMI 2204). pancreatic calculi
outcgmes by cluster and response to
' 24.9-32.6 kg/m?. oral agents for at
least2y.
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Table 1. Cont.
Study Design: Population: I\D/[:‘iell(; ment Outcome Clinical
. Yy Lesign: Exact Age pment Definition and Predictor . Discrimination S Interpretability/  Availability/ Pediatric

Article Prospective or R d Sample; Validation Ref Variabl Algorithm Metri Calibration Explainabili Denl Applicabili

Retrospective angeand Sample; Internal and eference ariables etrics xplainability eployment pplicability
Characteristics Uals dat Standard Status
External Validation
Design:
Prospective
cohort with
continuous Development:
glucose Main cohort: 800 800- erl:sJon cohort
monitoring, individuals with 46 858 meals .
followed by week-long Validation: Postprandial
validation in an continuous d de glycemic
independent glucose Independent response to Not applicable in
cohortand a monitoring and 100-person cohort, real-life meals, the diagnostic
. plus ablinded ! The approach
blinded 46,898 meals randomized measured by Blood sense—the model was
randomized recgrdgd. controlled dietary continuous parameters, pred}cts a subsequently
controlled Validation intervention based on glucose dietary habits, continuous commercialived
dietary cohort: An the aleorithm’s monitoring (a anthropometrics, ML (gradient outcome and is as a personalized
. intervention. independent & continuous physical activity boosting reported by pe . None. Adult

Zeevietal., .. predlchons. . . A . . . nutrition service, X

2015 [51] Timing: 100-person Internal /external: physiological and gut regression) correlation Not available Not available but no reeulated cohort; no
Prospective cohort. Exact age Internal: ' outcome, not a microbiome integrating the between predicted clinical d%cision— pediatric data.
cohort with a range, sex CrOSS-VE.ili dation disease features. The above data types.  and measured support
prospective, dlstrlbutlo_n and (details not available diagnosis). comPlete o postprandial deployment s
blinded, BMI/ obesity from the paper) Reference predictor list is responses. Exact reported in this
randomized status not External'p per): standard: notavailable. R/R2 values are pa};er
omiled e DT e COdeed ottt o
algorithm- restricted to 1(1)101;perr§§necc(t)i}\lf(;rt’ glucose paper.
guided diet—the  people with prus prosp response.
only obesity or Fandomlz.ed 1
prospectively diabetes. mtelr ventiona
and evaluation.
interventionally
evaluated model
in Table 1.
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Table 2. Machine learning and deep learning models applied to MASLD: expanded study characteristics.
Model-
Study Desien: Population: ls)evello ?ment Outcome Clinical
. udy vesign; Exact Age Range amp € Definition and Predictor . Discrimination P Interpretability/  Availabil- Pediatric
Article Prospective or d Validation Sample; Ref Variabl Algorithm Metri Calibration Explainabili itv/Denl Avplicabili
Retrospective aCr;1 reristi Internal and s te e;en;e ariables etrics xplainability 1St27t eployment pplicability
aracteristics andar atus
External
Validation
Development: Unit
of analysis is the
region of interest,
not the patient:
Design: 484 ROIs from 93
Retrospective normal subjects 28 texture
digital image and 260 ROIs from featur
analysis of 39 subjects with catures Combined AUC Fully pediatric
de-identified NAFLD (744ROls ~ NAFLDversus — extracted froma for SVYM and the onl
hepatic Children. from 132 children) normalliver. The  representative Multi—La, ered ediatric Y
ultgasound Development set: each with 28 ' paper states region of interest Perceptrgln liomaging Alstudy
images obtained %3 subjec;ts with extracted texture confu‘m"ed on hepatic Ensemble ML Neural Net and in Table 2 with a
normal liver and NAFLD” but ultrasound . . Hand-crafted
aspartofa 39 with features, used to does NOT imaces usin model combining XGBoost 0.978 in texture features separate external
cross-sectional confirmed develop, train and specify the Image] and & SVM, neural the training set, are inherentl validation cohort.
Das etal study of pediatric NAFLD (1 = 132) internally validate rgference M A%D A image network and 0.951 in the inter retable}'lno None. Research Ultrasound is
P NAFLD - * themodel. . g extreme gradient testing set, 0.969 Not reported p ’ i widely available
2021 [81] External i1 standard analysis X . . A formal prototype. : A
prevalence L . Validation: - boosting. Multiple  in the validation s in pediatrics,
(Valleywise validation set: 42 External validation (histology, software. classification set; AUC of 0.92 explainability which favors
H ltl}: Medical children. Exact hort of 42 MRI-PDFF, Comparators: loorithms wer (95’0/ cl : method reported translation, but
Cea edica age range, sex cohorto elastography or Hepatorenal aigo swere o~y in the paper. ansiation, bu
enter, Phoenix, distribution and children altrasound index and evaluated. 0.91-0.94) when the age range
?Z, ‘US.A). BMI not contributing reading). This is hepatic retesting in the and chmc_al.
iming: . 211 ROIs. L . . external characteristics of
Retrospective available. Internal/external: a critical echo-intensity validation the children are
analysis of images Internal: . unreported item.  attenuation dataset. not reported
colle}éted ina prgior Develop.ment plus index (pixel- ‘ P .
cross-sectional internal validation intensity-based).

study.

on the 132-child
dataset. External:
Independent
cohort of 42
children (211 ROIs).
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Table 2. Cont.
Model-
Population: Development Outcome Clinical
Study Design; E , Sample; A . e .14 ol e
. N xact Age Range I . Definition and Predictor . Discrimination P Interpretability/  Availabil- Pediatric
Article Prospective or Validation Sample; . Algorithm . Calibration S . RSN
R N and Reference Variables Metrics Explainability ity/Deployment Applicability
etrospective . Internal and
Characteristics External Standard Status
Validation
Development: 161 .
children with 42 92 inflammation- il[‘;)és(—)v;;édated
outcome events; related plasma . .
2}61}1 glr‘gr?i;e d five-fold stratified proteins (Olink ias?dA?jnézo gight
8-10 years flz(;ids}‘;ilégaf;s:tial MASLD defined E?fﬂ?rf;gaiion school-based
overweight or forward fe;{ture as hepatic anel. proximit split AUC 0.830.
obese by Chinese selection and AUC steatosis on Extenéi%n assa )), Sex-stratified: Hieh—full
national imation. Si vibration- 82 retained af Y Six classifiers 0.907 (95% CI Model-specific g . Sy 10
Design: standards estimation. Six controlled retained after compared— 0.830-0.984) in variable pe 1atr1c'( -10y)
Cross—s.ectional (median age 8.5 predictors in the transient excluding logistic regression irls and 0.808 importance and restricted to
analysis of IQR 8 3—8g8)' 2Y final model, ie., elastograph proteins detected th‘:; DT, S\?M ’ Eg() 717-0 898) in (logistic and children with
b i] P o) approximately ] i in <75% of o ’ § ¥ ffici overweight or
aseline data from 5$ /161 (36' o) 7 events per (FibroScan, CAP samples; 20 XQBoost, ) boys, Deang p= SVM coefficients, obesity, exactly
DSCINT g Vel e S Sl LGOI i 010L sraied mobeed e e
. . ) Validation: Internal . univariable . P Y &<t ’ . . - . population of
randomized trial (non-MASLD) replication only: 10 valid analysis, 15 variable 0.915in the gain), sequential ~ authors identify this review.
(ClinicalTri- versus 2.72 random 2:1 measurements, robust after importance low-GRS group forwa.rd assay costas a Limitations for
als.gov (MASLD). train-test split results with adjustment for ranking followed versus 0.800 in Not assessed. No selection, and barrier and call for transfer: Very
Wang NCT05482165) 42/161 (26.1%) (n1=107/54) and a IQRO/ median age, sex, BMIand by sequential the high-GRS calibration plot, GO/KEGG/ cross—p.latfor{n narrow age band,
etal, conducted in six had MASLD. school-based split >30% discarded) school. Final forward feature group, DeLongp  calibration slope Reactome validation using sinele Chinese
2025 [82] primary schpols in Exclusi(?ns: (4 schools, 1 = {)10/ plus at least one six—pr(;tein selectiqn. Logistic ~ =0.003. or Brier score pat}_lway conventional cit )% pubertal
Ningbo, China, Heart dlsegse, for training; 2 c'ardlometabol'lc ProScore panel: regression Sen51t1‘V1tyv reported. enrichment of assays (ELISA, statis not
September 2022 to hypertensmn, schools, 112 51, for risk fac_tqr, which FGF-21, CDCP1, aghleved the analysis with the sglected targeted mass assessed, VCTE
]L_lng 2023. d}abetes, asthma, testing). No all participants CD244, OPG, highest ) CAP > 270 proteins. Thg spectrometry) ) reference
Timing: viral hepatitis, independent met by virtue of FIBL, MCP-1 cross-validated dB/m: AUC final six-variable ~ before translation. standard, and
Cross-sectional nephritis, P . overweight or ! : AUC and was 0.881 logistic model !
nalysis of secondary or external cohort; the obesity. Fibrosis Comparators: 11 used to generate (0.807-0.955) with a published dependence ona
a tivel drue-induced authors defi d LSM anthropomet- the ProS (th B . " . . " P lai high-throughput
propectuely dginduced oyt SIS fniiolc e e Betomparnor forml protcomi
baseline data abnorzrlml external validation ( résent in1/42) indices (WHIR, I1:)5 a predicted G}i{S 0.648 o inter retgble No platform thatis
' devel in larger pediatric P " METS-IR, SPISE, preci N P . not routinely
development, cohorts is still Reference PNEL VAL LAP, probability). ProScpre SHAP or LIME. available.
mabl'hty to take required. stand'ardA VCTE, TyG, TyG-ALT, significantly
part in school . not histology or exceeded every
" t Internal/external: MRI-PDFF TyG-WC, "
isggicsé;evc;? ht Internal: Five-fold ) TyG-WHIR, (Clgg}i))ﬁa 02 0.05)
s & stratified CV, 2:1 TyG-BMI) and a o BP S
. random split, 9-SNP genetic binati
school-based split risk score combination
: ’ improved on it.

External: None.
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Table 2. Cont.
Model-
Study Desien: Population: ls)evello ?ment Outcome Clinical
. uay Lesign; Exact Age Range ampe; Definition and Predictor . Discrimination . . Interpretability/  Availabil- Pediatric
Article Prospective or d Validation Sample; Ref Variabl Algorithm Metri Calibration Explainabili itv/Denl Avplicabili
Retrospective an . Internal and eference ariables etrics xplainability ity/Deployment pplicability
Characteristics External Standard Status
Validation
219 children with
obesity: 79 with High—fully
MASLD and 140 pediatric and
without. restricted to
MASIDad Demographic Shesity ATl
Desion: higher weight Enzlhr_opometric, predict‘ors
Cres;g—siectional (59.8 vs. 455 kg), cgm}};osition and (weight, waist
single-center BMI (28.03 \és. biochemical AUC 0.8§1 for C{rc.umference,
24.56 kg/m?), the combined bioimpedance-
study, waist Development: 219 parameters. Top model of weight Reported as a Nomogram for derived fat mass
Department of . f children with features: Weight, Multivariabl . st bootstrap- individual risk None. A ALT ’
Clinical Nutrition, ~ Sar oirierence 79 events. waist ultivariable waist corrected stratification, RF~ nomogram is ) are
Xi’an Children’s (82,64 vs. 69.30 Validation: Internal ~ MASLD in circumference, logistic regression,  circumference, calibration plot feature rankin roposed for routinely
Lietal, gy cm), WHIR (0.54 jcanon: . . ’ RE, LASSO body fat mass jorationp &  proposecior obtainable in
Hospital, Xi’an, validation, children with body fat mass . Thisisoneofonly  and formal personalized risk -
2025 [83] . vs. 0.49), body fat . regression, and ALT, - o o pediatric
China. bootstrap- obesity. and ALT. ALT o . three studies mediation stratification but . .
Timing: mass (26.06 vs. corrected was additionally mediationmodels  described by the across both tables analysis no tool or software ~ PTactice making
Cross-sectional; 18.13kg), calibration plot. No modeled as a andanomogram.  authorsas that assessed uantifying the is reported this the most
timing of data ' visceral fat area external valFi)dat.ion mediator, outp erform‘ing calibration ?ole of I}XILTg P - immediately
collection relative (123.89 vs. 85.06 ’ accountir; for single-metric ’ ’ translatable
. cm?), ALT (40 vs. ,,g approaches. model in Table 2.
to analysis not 19U/L) and AST 32.9-38.3% of the Limited by the
stated. (32vs. 26 U/L). adiposity- single-center
Associati MASLD 2
ssociations o design, modest
. association.
were stronger in sample and
boys and in absence of
children with external
obesity duration validation.

>3 years.
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Table 2. Cont.
Model-
. Population: Development Outcome Clinical
Study Design; Sample; A . e .14 ol e
. N Exact Age Range I Definition and Predictor . Discrimination . . Interpretability/  Availabil- Pediatric
Article Prospective or d Validation Sample; Ref Variabl Algorithm Metri Calibration Explainabili itv/Denl Avplicabili
Retrospective an . Internal and eference ariables etrics xplainability ity/Deployment pplicability
Characteristics External Standard Status
Validation
Discovery set n =
110: 30 normal Discovery set
weight, 30 4
healthy obesity, MASL versus
. . healthy
30 obesity with obesity—sinele
MASL, 20 obesity ol RD
i NAS el
. c
Mean age 11.65 g
Design: (SD 2.20) y across gezzis%ﬁ‘n?c?
s groups, with a Development:
Cross-sectional ale MASL versus Hepatic steatosis Untargeted comparators
metabolomic . . P plasma ALT 0.745, BMI
biomarker study predominance. healthy obesity diagnosed by metabolomics 0.752, UA 0.746;
with Obesity by the model: 60 children proton magnetic (731 metabolites C(-)mb,ine d v
roup-balanced Chinese Standard (30 vs. 30). MASH resonance across four three-metabolite High—fully
gampp}mg plus for Overweight versus MASL spectroscopy UPLC-MS,/MS logistic model pediatric (mean
mechanistic work g e y X clinical & sensitivity 86.7%, PP Y-Sp 4
in mouse School-Age small development  liver ultrasound, parameters MASL model and specificity 67.7% final models, and the only
. . X 7%, - o .
hepatocytes and Children and sarr'lple'SA 4 ie., the refe;rence Final aneural network accuracy 76.7%. identifying stgdy in Table 2
. N Adolescents; Validation: standard differed for the MASH AcTRP, TRP and with a genuinely
liver organoids. severity stratified ~ Independent between MASL-versus- model MASH versus QA as the independent
Discovery by BM?,Z-score validp;tion cohortof  participants healthy-obesity Suppo.rting MASL-AST 0.944 dominant ValidP;tion cohort
participants (overweight 1 to 112 children with MASH defir;ed model: analyses: PCA and GGT 0938 contributors; recruited in a
Zhan recruited during <2, mild obesity 2 obesity recruitedin  non-invasivel tryptophan and yOPL.S—DA for (ALT excluded as supported b, different settin;
etal., hospital visits t ’<3 diff t setti . S y (TRP), N- lorat itis part of the Not assessed. PF}’l isti y None. T lationi &
B Chidens dewe adifming e lpopan SPeR0Y vl s lton's
Hospital, Zhejiang Exclus};o;ls .T e hospital)—a steatosis plus (ACTRP) and }c)-mean;g /(mfuzyz) definition), TRP experiments de ender}\,ce on
Ufnl\i/}/ ecrl.sify School 1 diabetes, P genﬂine external persistenfserum ?Sgl)o lfi:nic la cid clustering of ?'743; con’];bilned shgwing that un]fargeted
of Medicine, P e . Final . ive-metabolite .
Hangzhou); chronlc liver Vahda'tlon interms  ALT >60 U/L for MASH-versus- me'taboh.te neural network these metabolites UPLC-MS/ MS
O disease other of setting and more than 3 ; trajectories, and . promote metabolomics
validation . . MASL model: AUC 0.847 with -

. than MASLD, sampling. months in the SHAP for P o, hepatocyte lipid and by a
participants drugs causing Internal/external: absence of N-acetyl-L- interpretation. sensitivity 75.0%, accumulation via heterogeneous
sampled from steatosis within Internal: Model ' secondar methionine, . specificity 76.7%, oxidative stress. imagin,
schools. 12 month: devel m ntin th Ny liver oxoglutaric acid, accuracy 76%. ’ ref 1% ng
Timing: Valid(;tior?set n= dfs\;z\(/)gr iet ‘ ;&11(‘:1 S:S- w}(’l)ic}\:?he taurocholic acid, Validation set: setzai;arcg
Cross-sectional; 112 children witI: External-y ' autﬁo};,s ustify on cysteine- Performance is ’
samples collected obesit Inde enaent ethical ]roun}éls glutathione described only as
prospectively, @7 hez}illthy 11 2-c1:;1i1 d in chil d%‘en disulphide and “replicated” and
models fitted . A . glycocholic acid. “maintained”,
retrospectively. fgﬁg’sf_g MASL, validation cohort. shown

st graphiallyne
randomly )
selected from 336 'conﬁderfce .

. . interval is given
children with .
obesity at two in the text for the

rimg schools validation

P Y cohort.

and one middle
school.
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Table 2. Cont.
Model-
Study Desien: Population: ls)evello ?ment Outcome Clinical
. uay Lesign; Exact Age Range ampe; Definition and Predictor . Discrimination . . Interpretability/  Availabil- Pediatric
Article Prospective or Validation Sample; . Algorithm . Calibration S . RSN
R . and Reference Variables Metrics Explainability ity/Deployment Applicability
etrospective . Internal and
Characteristics Standard Status
External
Validation
413 children
analyzed: 132
healthy controls,
58 with obesity,
Design: 153 with MASLD MASLD Taxonomy-
. . . iagnosed by based
Systematicreview  and 70 with Development: ultrasound models—
(I\(/)IgeOdSE) with qusssixfﬁ; 119 Pooled pediatric magnetic MASLD versus Ranked feature
Fn dividual-level %IQR 5.7-12) data; group sizes resonance obesity: XGBoost importance from Highin
reanalvsis of raw Zbesi n 1 3 ! vary by comparison  imaging OR liver Gut microbiome AUROC 87% both models, relevance—the
shot Yn © 6—14{) M);\SLD (obesity n =58 histology species RF and XGBoost (95% CI LEfSe/LDA largest pooled
metfuenomic 13' (12i1 4762 versus MASLD n = depending on agun dance from (R caret), each 0.82-0.92), RF differential pediatric
se u§ncin data miZsin ) MASH 153; MASLD n = the source study; shoteun with 10-fold 85%; MASH abundance and MASLD
fr(?m nine g 12 (10g—'1 4 153 versus MASH MASH defined met ag enomic cross-validation versus MASLD: pathway-level microbiome
blished studi M };H 0 n ="70), against as additional gn ine and and five repeats XGBoost and RF analyses dataset
}mldus (fns n:wl s BI\?H—acont'rols hundreds of biochemical OR Is\?lggfc CC & and both 89% identifying available—but of
puso Y : microbial species biopsy-proven A hyperparameter (0.84-0.94). Faecalibacterium limited practical
. recruited cohort 16, obesity 30.2, N d metabolic R e e
Zoggeler (Medical MASLD 31.1 and metabolic hepatic athwa tuning; XGBoost Pathway- prausnitzii, None. Proposed applicability,
etal, - . - pathway features. inflammation. P Y shrinkage used to abundance Not assessed. Prevotella copri, as a potential fecal  since shotgun
- University of MASH 30.8. o . . abundance . I . .
2025 [85] Innsbruck) Female 45.5% Validation: Internal ~ Obesity defined (HUMANN3) limit overfitting. models— Anaerobu- biomarker. metagenomic
followed b, 46.6%. 31 é<)/ Oe;n d only: 10-fold as BMI at or after MMUPI-,Iin Supporting MASLD versus tyricum sequencing is a
develo me);t of 5 4'3,,/0’ = cross-validation above the 95th batch-effect analyses: Alpha obesity: XGBoost (Eubacterium) research tool, the
ML clagsifiers on ros eoctivel with five repeats (R percentile. correction usin and beta diversity, ~ 81% (0.76-0.86), hallii, Romboutsia pooled cohorts
th led dat FibIr) isin ilh caret) and Studies tud th g PERMANOVA, RF 79% timonensis and span several
T'e POO, ed qata. M AgIS{S e. hyperparameter including ;11 }}1’ as d ¢ LEfSe/LDA, (0.73-0.85); Intestinibacter countries and
lilggsg'ective FO-F1 4§r;)>1p1.:2 tuning. No external ~ patients with d?s;as?ens tate as a ALDEXx2, MASH versus bartlettii, and the ethnicities, and
oolinp of 14.3% FC";—FZ validation. T2DM were covariate MaAsLin2. MASLD: methanogenesis- the reference
previogsl 8 67 O’missin Internal/external: excluded. The ) XGBoost 88% from-acetate standard is
Publishe dy 2é 6(;; An g Internal: Repeated reference (0.83-0.93), RF pathway. No heterogeneous.
gatasets lusone  additonmladult  10-fold CV. standard 85% (0.79-0.91). SHAP.
prospectgl ely MASLD cohort External: None. therefore differs Pediatric versus
recruited cohort. (n=163) was across adult MASEI:
participants. AUROC 97%.

included for
pediatric-versus-
adult
comparison.
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Table 2. Cont.
Model-
Population: Development Outcome Clinical
Study Design; , Sample; A . e .14 ol e
. N Exact Age Range I Definition and Predictor . Discrimination . . Interpretability/  Availabil- Pediatric
Article Prospective or d Validation Sample; Ref Variabl Algorithm . Calibration Explainabili itv/Denl Avplicabili
Retrospective an . Internal and eference ariables Metrics xplainability ity/Deployment pplicability
Characteristics Standard Status
External
Validation
79 plasma
NASH defined ~ metabolites
as either NAFLD géﬁ‘ﬁ;’j‘ﬁ’syan 4
activity score > 4 LC-MS/MS
Development: on liver biopsy (ami id
Desion: Pairwise75%/25% ~ ORMRI-PDFF > [T oS RF classificrs—
Crosg-s.ectional 86 adults aged splits: healthy 16.1% together pZthwa NAFL versus
targeted 19-70 years: 25 versus NAFL 51 with MR metabol};tes healthy controls
metabolomics healthy controls training /16 test; elastography nucleosides, 8 featl}llres) RF variable
dv wi Y healthy versus liver stiffness > N L .
stu ly with ML, Elr;eap }?i? :;5 y), NASH 34/10; 38KkPain ?rgamc'gc;ds, ‘(';ISJ}{%? 0.900 1mpl(.)r.ta]r5€re, an
pooling wit NAFL Versus, - atty acids). %o explicit DT,
. participants . X . .
pricpmaten @ijmds NS  RRGRS., By oms oo,
studies at Gachon ). Exclusions: Extremely small. NAFL as multinomial healthy controls regression
Univorsit Mconolano Validation: Internal ~ MRI-PDFE >5%; 7. 0t RE (primary) | claoifi S iants. and
UMy I o IO ey O Reprimany st ottt on
. 4 g/day cross-validation as MRI-PDFF & C - . o - & .
Republic of Korea ~ or>30g/ day‘ and leave-one-out <5% with normal (glutaml_c_aad‘, loglstlg regression,  with 4 features; mfetabolomlcs S
] (healthy 4 (mel'rl)', othe.r liver cross-validation liver enzymes c1s—acqn1t1<; acid, recursive NASH versus with liver None. Eh'glblhty
Jietal, volunteers; an or biliary disease, o 2 aspartic acid, partitioning and NAFL best 0.849 RNA-seq to was restricted to
. plus the 25% and no biopsy. e . . Not assessed. ) . None. .
2022 [59] MR-based drugs causing hold-out. No Only 12 0f 86 isocitric acid, regression tree, with 4 features. build a metabolic ages 19-70 years;
MALDsudy ey cemalvaldaion,  parpants S WIS DA MedASH maplinkig
cohort; and livir}ll one year. Not the authors underwent liver oxaloacetic acid, ' multivaria?rle discrimination: metabolites to
i g & year. 1 themselves state biopsy, so for . R . : .
iver transplant obesny—defl.ned. that validation of most fhe myr1§tole1c acid, analysis. AUROC 0.877 at hepatic enzyme
e Liver - NOTESeton iaNasil e S e e omsion Tte
performctled ina & réfers to 81; P scorein standard was an recursive Y WH(I;LE cohort scoreisa
subset. articipants independent MR-based artitioning and WITHOUT an closed-form
Timi . p hil ,[1})1 tof cohorts is algorithm p . ;g training /test y fully £ 4 ¢
RS e gMeberotol et gy s ly anspaen
pooledpanal sis of 86—par$ interFr)\al Internal/external: derived by the i‘séocitric acid ’ anpapparer{t‘ ! .
four parent Y inconsistenc Internal: 10-fold same aspartic acid’) (optimistic)
tudi Y- CV,LOOCV, 75/25 investigators— mbined int, timat
studies. split. External: which the c}ol M eN AS(;-I estumate.
None. authors the Meta
acknowledge as score = .
the study's%nain loglO(as‘par’Fch
limitation acid! x isocitric

acid? x glutamic
acid?).
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Table 2. Cont.
Model-
Study Design; Population: ]s):l‘:;ll(: ?ment Outcome Clinical
Article Prospective or’ Exact Age Range Vali datilon Sample; Definition and Predictor Algorithm Discrimination Calibration Interpretability/ Availabil- Pediatric
Retrospective and Internal and ” Reference Variables Metrics Explainability ity/Deployment Applicability
Characteristics External Standard Status
Validation
Adults aged > 20
years with valid NAFLD defined Over 100
reproducible as controlled features:
transient attenuation demographics
elastography parameter > 302  (age,
(>10 dB/m race/ethnicity,
measurements, (Youden-optimal sex, marital
IQR <30% of the threshold) on status,
median). From FibroScan; education), Test-set AUROC:
5494 with a Development: 2874 fibrosis staged by clinical elastic net 0.84
completed in the tf;)iinin .set VCTE liver characteristics Six models (0.81-0.86),
Desien: examination, (75%), with ]%-fol d stiffness (FO-F1 (BMI, waist compared: logistic
Retr gsp;ective 4471 met age and cross—,v alidation <82,F2<97, circumference, Logistic regression 0.83 Logistic
cross-sectional validity criteria; and five F3 <13.6,F4> blood pressure), regression, elastic ~ (0.81-0.86), RF regression and
cohort analvsis of after excluding replications for 13.6 kPa). No laboratory net, conditional 0.83 (0.80-0.86), elastic net
the nationaﬁ 640 with high hyperparameter participant had values (HbAlc, single- SVM0.83 explicitly chosen ~ None. Proposed None. Adults
o alcohol yperp biopsy AST, ALT, classification tree, ~ (0.80-0.85), pratly ne. T rop: '
Noureddin representative consumption, tunlqg. Over 100 confirmation, alkaline RF, SVM and neural network as the for 1d'er\t1fymg aged 2 20 years,
NHANES - phon, candidate features. ! ! “interpretable” candidates for with over-
etal., 2017-2018 surve viral hepatitis or Validation: 957 in and other causes phosphatase, neural network. 0.83 (0.80-0.85), Not assessed. model classes further representation of
202260] (United States) Y HIV, 3831 the interne{l test set of liver disease bilirubin, HDL) Logistic classification tree with odds rati,os assessment across paI;ticipants aged
Timing: ’ entered the ML (25%). No external suchas and regression 0.79(0.76-0.82). reported for large datasets >60
Retro sg‘ective analysis (1226 vali da.tion autoimmune comorbidities selected as the Accuracy ingivi dual & . =05y
analyslias of with NAFLD, Internal /e;(ternal‘ hepatitis, (diabetes, model of choice 0.75-0.79; predictors. No
crosa-sectional 2605 without). A Internal: 75,25 : primary biliary hypertension). for simplicity and sensitivity SHAP or I:IME
survey data T2DM solit with 10-fold cholangitis and Significant interpretability 0.52-0.71; ’
Y ) subpopulation of va « 5 repeats haemochromato-  predictors on given equivalent specificity
908 included 468 External: pNone. sis could not be logistic performance. 0.78-0.90; PPV
with NAFLD. : ’ excluded; regression: male 0.60-0.72; NPV
Known over- alcohol intake sex, HbAlc, age, 0.80-0.85.
representation of was self-reported ~ BMI, waist
participants aged and may be circumference,
> 60y and of underestimated. AST, alkaline
African Both limitations phosphatase,
American and are diastolic blood
Hispanic acknowledged pressure and
participants. Not by the authors. HDL.

obesity-selected.
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pective or alidation Sample; . gorithm . alibration AN . Lo
Retrospective and o Internal and Reference Variables Metrics Explainability ity/Deployment Applicability
Characteristics External Standard Status
Validation
593 recruited, 80
excluded, 513
analyzed. The
Methods state
participants aged
above 13 years,
but Table 1 of the
paper gives an
age range of 9-74
years (mean Minimal.
iz.gzjgdliﬁg) Development: 513 Hepatic steatosis if;?,;%hat;:
consented for participants split and fibrosis range begins at 9
Design: ticipant into train and test staged by Body 8 é; minor
Cross-sectional pal;jlcql);n S sets (proportions transient composition and years an m 1do s
study with umr;niii ,Osfo a NOT stated); each elastography anthropometric xftr}f elr;;;) dfan
volunteer chil dretr?were classifier trained (FibroScan): indices. Most Eicht classifiers cons egnt the
recruitment by included. Mean and evaluated 50 steatosis grade3  important co%n ared in mean a ,e is37
advertisement on weight 77' 26 (SD times with results at CAP > 292 features for fatty scikil:t)—learn‘ oars arg1 Ao
university clinic 17 3%) ke .mean averaged. dB/m; fibrosis FO  liver: abdomen Kenearest : RF—fatty liver ye diatric
notice boards and BMI 28 %’5 (SD Validation: Internal  <6.2,F16.2-7.6, circumference neighbors, SVM (any stage): Feature None. Proposed gub rou
by telephone or 489 5 only. The authors F27.6-8.8,F3 (importance & ! ’ accuracy 0.82, . - TTOP sroup
email, in 89) kg/m’, state that future 8.8-11.8, F4 > 0.061), waist radial basis AUC 0.84; importance asa low-cost analysis was
Razmpour Kh 4 . range 15-52; . . S . ! function SVM, N values reported screening performed. The
orasan Razavi 2 3 ; studies with larger 11.8 kPa. Three circumference - steatosis stage: L
etal, (cast) and 13.3% diabetic. camples could labels modeled: (0.061), trunk fat Gaussian process, aceuracy 0.52 Not assessed. for each outcome  decision-support current
2023 [61] H Sex reported as Samp . ' e RF, neural Yo and separately approach for Limitations entry
ormozgan, 240 male/273 allp cate separate fatty liver ((.)'056)’ chest network, AUC 9'69' by sex. No SHAP rimary care and “non pediatric
” s . y P y p
(south) provinces, f le in th validation sets”, present versus circumference fibrosis stage: . E P
Tran. emale in the text implying no absent, steatosis (0.054) and BMI AclaBoost and ) accuracy 0.57, or LIME. remote settings. data included” is
Timing;: ?;;i?gﬁ?rl:éizo dedicated held-out stage, fibrosis (0.053); similar ;zﬁigﬁ%:;x:h AUC0.58. g:lﬁf Or:c?:::a te:
Cross-sectional of the original validation set. No stage. No rankings for extraction. RE the acZurate ’
with prospective § 508 external validation.  histological steatosis and P d best tat tis that
recruitment of paPEI (n _1 ). Internal/external: confirmation; the  fibrosis staging, pertormed best. sta enlllen 1s tha
volunteers; ?r?cl;é;sr;:nc Internal: repeated authors with sex-specific 1a1rs1rsni:ci fied
retrospective with the sta tZ d train/test acknowledge analyses nunfber of
modeling. 513. Not evaluation over 50 that this is not reported. minors were
- runs. External: the gold : :
obesity-selected. included without
Exclusions: None. standard. any pediatric-
Underlying liver specific analysis.
disease, several
drug classes,
alcohol use more
than twice
weekly, cancer in
the past year,
surgery in the
past 6 months,
pregnancy.
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Retrospective an . Internal and eference ariables etrics xplainability ity/Deployment pplicability
Characteristics External Standard Status
Validation
From 17,611 Development:
attendees of the Traini P 4
2010 annual raming andt
health checku internal validation
6196 adults P split 7:3; 10-fold
without NAFLD cross-validation 11 characteristic
were enrolled within the training predictors
after excluding ls’glt];aerparameter screened by
Design: ;illfzsreuvl\?rtahs%ttnd optimization; gférd ;nteIiSFLD i(ecc;lfl;l?sci)‘szzz feature ggjg)]fldgés;)‘
rosgeétive 5-year  with existin; " SMOTE applied for dia, 0};ed 0,n elimination CatBoost 4
Prosp Y X . & class imbalance. 11 nos . . Asessed- Dynamic .
cohort study liver disease, redictors selected abdominal combined with AUROC 0.810 libration cur nomoeram with A web-based risk
(baseline health with alcohol Eviih tchg aslftigise ’ ultrasound LASSO. The (95% CI :i d Biie(r) scc;re‘;es a ?Mo?l%ezl w calculator was
checkups in 2010, intake >140 statine explicit (Toshiba Medical ~ published 0.768-0.852), RF reported for both individual developed and
follow-up to 2015),  g/week (men) or & Explct Systems) read nomogram uses Six models 0.800 L . published to
e compliance with - . the internal and example, logistic A None. Adult
Zhenhai Lianhua >70 g/week the 10-events-per- independently age, BMI, waist compared: (0.762-0.838). external regressi ,n support clinical health-check
Hospital, Ningbo, ~ (women), or lost ii ble rul P by experienced circumference, Logistic Internal lidati ts: 8 tfici ?1t use—the only © 1 f e tﬁp
H China; reportedin  to follow-up. vanab e ruie. ultrasonogra- white blood cell regression, DT, validation: yajdation sets; coeticients, model in either popration, the
uang d ith Incident NAFLD Validation: Internal h ith t red blood SVM_RE Logisti XGBoost showed restricted cubic table with authors note that
etal accordance wi neident validation set (30% phers, wi count, rect bloo s ogistic the best splines, and ablewitha applicability to
f STROBE. Theonly  occurred in 1155 . exclusion of cell count, ALT, CatBoost and regression 0.778 o . ! publicly deployed 3
2023 [62] . o split) and an . . calibration (Brier transparent g other ethnic
prospectively (18.64%) over 5 xternal validation  €xcessive alcohol ~ gamma- XGBoost. Logistic ~ (0.759-0.794). 00181 XGBoost-RFE tool. Itis not r 1
designed model- years, of whom externa’ vandano intake and other glutamyl regression EXTERNAL score . 008 reported as a Sroups aiso
d o set consisting of the . 3 . S internally and plus LASSO . remains
evelopment 941 (81.5%) were 2015-2020 etiologies. No transpeptidase, selected as the validation: 0.191 externally) feature screenin regulated medical unvalidated
study in either men. Among follow-ut histological uricacid, final model. Logistic O'ne of onl cheé The final mo delg. device and has not ’
table. incident cases, o ulatign—a confirmation; the  triglycerides, regression 0.806 studies in t};e is inherentl undergone
Timing;: 434 (37.6%) were It) rE ral external authors list HDL and (0.788-0.821), hole review t interpret b%l prospective
prospective cohort  lean (BMI < 24), ¢ l.got.a N tih a ultrasound- apolipoprotein- with accuracy who i e\lf'swt'o N e5%213 e impact evaluation.
with 5-year 603 (52.2%) Zaanzeac;i?ei ¢ based diagnosis B. Restricted 0.801, precision report catibration. ° :
follow-up. overweight (24 Internal /ex';ernal- as their first cubic splines 0.766, F1 0.648
to<28)and 118 N limitation. used to and recall 0.628.
Internal: 7:3 split
(ozoshes i Toildcy e
kg/m>2)—i.e., the External: Temporal relationsﬁi S
cghort is NO:F external validation ps:
obesity-selected ;Sir;gztggo
and most foll 8
incident cases N OVI’_EP
were not obese. popuiation.
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Article Prospective or Validation Sample; . Algorithm . Calibration S . RSN
R N and Reference Variables Metrics Explainability ity/Deployment Applicability
etrospective . Internal and
Characteristics Standard Status
External
Validation
14,439 adults
’ Age, sex, BMI,
Zzﬁ? 2 1}? years: sygstolic and
wit g .
NAFLD (30.5%) szzg‘:}g blood
ar}iihl 0’?28 Eevslopr;gnt: lit complete blood Test set—SVM:
. without. andom /5 Spiit, count, liver accuracy 0.801,
Design: NAFLD group approximately function panel PPV 0.795, F1
Cross-sectional mean age 48.4 10,107 in the bilirubins. ALT 0.795 k 4
diagnos- (SD13.4)y,76.6%  training set. Grid (bilirubins, ! Lo Rappe Feature
. . ! . AST, AST/ALT 0.508, AUPRC .
tic/screening male, mean BMI search with 10-fold ratio, GGT. ALP, 0712, AUROC importance
study using 27.2(SD 3.2); cross-validation for ~ NAFLD total, rotein ’ 0.850i RE: reported for
electronic medical non-NAFLD hyperparameters. diagnosed by alburﬁin 4 AUR,OC 0 852 every classifier,
record data from group 45.9 (14.8) z-score color Doppler lobulin/ albu- (the hi heét of including an
attendees of the y, 53.8% male, standardization ultrasound (GE ‘:”n in/ loi)ulin DT (CART, gini) an mg del) explicit DT
annual health BMI23.5(3.0). fitted on the LOGIQ, 3.5 MHz ratio)i nd lipid RE XGBoo,s%an ci accyurac 0 %89 structure and None. Proposed
. examination at Exclusions: training set and probe) by p 4 y U707 XGBoost gain as a screening aid
Qinetal., o , X . panel SVM, PPV 0.782, F1 N . None. Adults
Guilin People’s alcohol >210 applied unchanged  operators with at . . - . Not assessed. rankings. The for physicians and
2023 [63] . . (triglycerides, implemented in 0.782, kappa . aged > 18 years.
Hospital, China, g/week (men)or  to the test set. least 5 years of total cholesterol Python/scikit- 0478 AUPRC authors primary care
January to >140 g/week Validation: Internal ~ experience, with HDL. LDL ’ le);rn 0'708t XGBoost: deliberately doctors.
December 2021. (women); viral, only: secondary causes 4 4 . g . favored a small
L . . VLDL), all AUROC 0.833, .
Timing;: autoimmune or Approximately excluded. No drawn from the accuracy 0.781: predictor set to
Retrospective drug-induced 4332 in the test set. histological electronic DT AU%]{OC ’ keep the tool
analysis of a liver disease and No external confirmation. medical record 0 8'20 accurac usable in
cross-sectional other chronic or validation. Most im: ortan.t 0’7 65’ All wit}? primary care. No
health secondary liver Internal/external: featuresgcross 9'50/ c.onfi dence SHAP.
examination disease; acute or Internal: 7:3 split oo
L . X . the tree-based intervals. The
dataset. chronicinfection;  with grid search models: BMI SVM AUROC is
pregnancy or and 10-fold CV. triglyce‘ri des, 0.850
lactation; External: None. 4 R
hiatri ALT and the
B lore: AST/ALT ratio
isorders;

malignancy. Not
obesity-selected.

(plus VLDL-C for
RF).
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Study Design; Sample; A . e .14 ol e
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Article Prospective or d Validation Sample; Ref Variabl Algorithm . Calibration Explainabili itv/Denl Avplicabili
Retrospective aCr;1 reristi Internal and s te e;en;e ariables Metrics xplainability 1St27t eployment pplicability
aracteristics andar atus
External
Validation
Development: .
Ultrasound images Steatosis gr'z;ge
split 6:2:2 into (“Ogma ,mid,
training, validation ggefer)a :Z’ Sensitivity
The number of and test sets at the previously Cascade of three 99.78%,
Y e o
nividul - DiACGEled s Doy
age sex,BMI mild, inoderatre medical experts networks: 99.83% ' Segmentation None, and not
Design: obesity status, severe steatosis. on the DeepLabv3+ with diagnostic masksand assessable—no
Retrospective indication for Validation: Internal ultrasound Ultrasound transfer learning accuracy 99.91%; cropped regions atient ages are
deep learning scanning and vali dation.an d test images. The image pixel data for semantic arasa }i]ttal‘ o of interest can be lroe orte dg
image clinical ;gettin artitions of the reference from the segmentation of getecti%n visually anp here in the
classification are all absentg }s)ame ooled image standard is liver—kidney the liver—kidney accuracy 99.90% inspected, ay‘é\; Pediatric
Rhyou study on B-mode Images were : datase% No 8 therefore expert region, after area; Inception v3 No conf}i] der.me o providing a {Jivlgr ﬁltrasoun d
and Yoo, liver ultrasound oolge d from two ox terr\a.l visual reading of  resizing to 960 x (transfer-learned) intervals. These Not assessed. degree of None. differs in
2021[73] images. The unit EourceS' a validation—the the SAMEimage 720 px, removal for classifying values ar‘e transparency acquisition and
of analysis is the S y blic Bvra d supplied to the of metadata and parasagittal implausibly high about which acq 1
IMAGE, not the amsung publicByra dataset 401 o black borders, versus mplausibly g anatomy drives innorma
L ACUSON was merged into . ! . ’ . for ultrasound- yar appearances, SO
patient. . . histology, and histogram non-parasagittal . the prediction. ’
Timine: Sequoia 512 the train- MRI-PDFF lizati . a7 based steatosis Nof 1 transfer to
ng: dataset and the ing/validation/test or equalization. IMages and ot assessment and o torma children cannot
Retrospective. . 8 biochemical ring detection; - explainability
publicly pool rather than . . . are characteristic be assumed.
vailable Bvra held out as an confirmation. and SteatosisNet of image-level method.
dataset acqz,xired independent test I;Zg?ﬁzeesz fi(;;eg;sa:si:\%erity rather %han
onaCEVIIdER ?ﬁ:érnal /external: independence pzrtei:g:)_rllei‘rlld da
’ and inter-reader P &

Internal: 6:2:2
image-level split.
External: None.

agreement are
not reported.
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Article Prospective or’ Exact Age Range Vali datilon Sample: Definition and Predictor Algorithm Discrimination Calibration Interpretability/  Availabil- Pediatric
R P . and P'®  Reference Variables 8 Metrics Explainability ity/Deployment Applicability
etrospective Characteristics Internal and Standard Status
External
Validation
RF AUC 0.869,
gradient
boosting
machine 0.868,
generalized
linear model
0.852, neural
network 0.504
(i.e., no better
than chance,
From 9254 initial ;ﬂ‘)‘;‘fﬂi‘g‘s’ﬁi
participants, Development: scores: lipid
3306 were Stratified 7:3 accum.ulg tion
Design: excluded for ;rlainirag/ test split; u product 0.834
- missing predictors Y
Cross sectional  controlled selected by LASSO LASSO-selected fatty liver index None. The
NHKNES attenuation regression with MASLD defined  predictors: st'eatt;sisli)n dex authors explicitly
2017-2018 using parameter data 10-fold 1o by controlled visceral Eight ML models 0.799, visceral LASSO-selected note that ML
the survey’s and 894 for not crgss-vahdatlon attenuation ad1p_os1ty index, compared (RE, adiposity index predictor set, a models face
stratified meeting MASLD using the paran}eter—bas?d marital status, SVM' generalized 0.736, TyG index Not reported. A nomogram, and translational
Zhou multistage dl.agnp'stlc lambda.lse hepatic sfeatoms hypertenswn, hnea.r model, . 0.732, NAFLD nomogram is explicit barriers from
s . eligibility, criterion. on transient diabetes, sex, age,  gradient boosting o . . o None. Adults
etal, probability design leavi N N fibrosis score presented without ~ benchmarking algorithmic
. . eaving 5054 US Validation: Internal ~ elastography race, platelet machine, . . . aged > 18 years.
2025 [67] with sampling adults aged > 18 only (30% test tosether with count, albumin Kenearest 0.606, FIB-4 0.553.  an accompanying against seven complexity and
weights applied I\/l[g dian y (o070 N 8 di boli AST 4 dALT 4 iohb 1 VAl itself calibration curve. interpretable resource demands,
throughout. years. Median partition). o cardiometabolic an . neighbors, neura showed a strong clinical scores. whereas LAP and
Timing: age by visceral external validation.  criteria. No Comparators: network, DT) plus dose—response No SHAP FLIprovide
Retrosp.ec tive adiposity index Internal/external: histological Seven anomogram. association with ’ immediate clinical
analysis of tertile 44,47 and Internal: Stratified confirmation. established MASLD utility.
crosZ—sectional 50 years; median  7:3 split with non-invasive (adjusted OR for ’
survey data BMI 25.9,28.7 LASSO/10-fold CV scores. tert]ile 3 versus 1:
' and 31.3 kg/m?; for predictor 7.08,95% CI '

sex distribution
balanced. Not
obesity-selected.

selection. External:
None.

4.35-11.5; p for
trend 0.003). The
authors’ own
conclusion is that
the simple LAP
and FLI scores,
not the machine
learning models,
offer the best
balance of
accuracy and
clinical
practicality.
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Abbreviations used in the Tables: AcTRP, N-acetyltryptophan; ADA, American Diabetes Association; AdaBoost, adaptive boosting; ALP, alkaline phosphatase; ALT, alanine
aminotransferase; ANN, artificial neural network; Apo-B, apolipoprotein B; AST, aspartate aminotransferase; AUC, area under the curve; AUPRC, area under the precision-recall curve;
AUROC, area under the receiver operating characteristic curve; BEM, body fat mass; BMI, body mass index; BRI, body roundness index; CAP, controlled attenuation parameter; CART,
classification and regression tree; CatBoost, categorical boosting; CI, confidence interval; CKD, chronic kidney disease; CNN, convolutional neural network; CT, computed tomography;
CV, cross-validation; DKD, diabetic kidney disease; DL, deep learning; DT, decision tree; ELISA, enzyme-linked immunosorbent assay; EMR, electronic medical record; EPV, events
per variable; FFQ, food frequency questionnaire; FIB-4, fibrosis-4 index; FLI, fatty liver index; FPG, fasting plasma glucose; GB, gradient boosting; GBDT, gradient boosting decision
tree; GBM, gradient boosting machine; GC-MS/MS, gas chromatography-tandem mass spectrometry; GGT, gamma-glutamyl transferase; GRS, genetic risk score; HbAlc, glycated
hemoglobin; HDL, high-density lipoprotein; HOMA-B, homeostasis model assessment of beta-cell function; HOMA-IR, homeostasis model assessment of insulin resistance; HSI, hepatic
steatosis index; HU, Hounsfield unit; IDI, integrated discrimination improvement; IQR, interquartile range; ISPAD, International Society for Pediatric and Adolescent Diabetes; KNN,
k-nearest neighbors; LAP, lipid accumulation product; LASSO, least absolute shrinkage and selection operator; LC-MS/MS, liquid chromatography-tandem mass spectrometry; LDL,
low-density lipoprotein; LEfSe, linear discriminant analysis effect size; LightGBM, light gradient boosting machine; LOOCYV, leave-one-out cross-validation; LR, logistic regression; LSM,
liver stiffness measurement; MASH, metabolic dysfunction-associated steatohepatitis; MASL, metabolic dysfunction-associated steatotic liver; MASLD, metabolic dysfunction-associated
steatotic liver disease; MCC, Matthews correlation coefficient; METS-IR, metabolic score for insulin resistance; ML, machine learning; MLP, multilayer perceptron; MLR, multinomial
logistic regression; MODY, maturity-onset diabetes of the young; MRE, magnetic resonance elastography; MRI-PDFF, magnetic resonance imaging proton density fat fraction; 1H-MRS,
proton magnetic resonance spectroscopy; mRMR, minimum redundancy maximum relevance; NAFL, non-alcoholic fatty liver; NAFLD, non-alcoholic fatty liver disease; NAS, NAFLD
activity score; NASH, non-alcoholic steatohepatitis; NB, naive Bayes; NFS, NAFLD fibrosis score; NHANES, National Health and Nutrition Examination Survey; NNET, neural network;
NPV, negative predictive value; NRI, net reclassification index; OGTT, oral glucose tolerance test; OPLS-DA, orthogonal partial least squares discriminant analysis; OPG, osteoprotegerin;
OR, odds ratio; PCA, principal component analysis; PLS-DA, partial least squares discriminant analysis; PNFI, pediatric NAFLD fibrosis index; PPV, positive predictive value; PROBAST,
Prediction model Risk Of Bias ASsessment Tool; QA, quinolinic acid; RCS, restricted cubic spline; RF, random forest; RFE, recursive feature elimination; ROC, receiver operating
characteristic; ROI, region of interest; SD, standard deviation; SHAP, Shapley additive explanations; SMOTE, synthetic minority oversampling technique; SNP, single nucleotide
polymorphism; SPISE, single-point insulin sensitivity estimator; SVM, support vector machine; T2DM, type 2 diabetes mellitus; TRP, tryptophan; TyG, triglyceride—glucose index;
UMAP, uniform manifold approximation and projection; UPLC-MS/MS, ultra-performance liquid chromatography-tandem mass spectrometry; VAI, visceral adiposity index; VCTE,

vibration-controlled transient elastography; WC, waist circumference; WHIR, waist-to-height ratio; XGBoost, extreme gradient boosting.
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3.3. Limitations

A challenge in the implementation of artificial intelligence (Al) in pediatric obesity
is ensuring that algorithms are equitable, safe, and applicable across diverse popula-
tions. Many Al models are developed using datasets derived from specific geographic
regions, healthcare systems, or academic centers, limiting their generalizability and in-
creasing the risk of dataset shift when applied to different countries or clinical settings.
Socioeconomic and geographic biases may further compromise model performance, as
disadvantaged populations are frequently under-represented in training datasets. Unequal
access to healthcare resources—including wearable devices, advanced imaging, laboratory
investigations, and multi-omics technologies—may exacerbate these disparities, reducing
the applicability of Al-driven approaches in low-resource settings and potentially widening
existing health inequalities. Moreover, differences in predictive performance according to
sex, ethnicity, and age have rarely been systematically evaluated, despite evidence that
obesity-related risk factors, disease trajectories, and healthcare access vary substantially
across these subgroups. Future studies should therefore incorporate subgroup-specific
performance analyses and fairness assessments to identify and mitigate algorithmic bias
before clinical implementation.

The pediatric setting also raises unique ethical and practical considerations. Al sys-
tems often require continuous collection of sensitive health data over prolonged periods,
making long-term monitoring, data governance, and safety essential concerns. The use
of children’s data requires robust procedures for parental informed consent and, when-
ever developmentally appropriate, child assent, while ensuring compliance with evolving
privacy regulations. Because children undergo rapid physiological, behavioral, and devel-
opmental changes, predictive models must also be periodically updated and revalidated to
maintain their accuracy over time. Ultimately, unless these methodological, ethical, and
equity-related challenges are adequately addressed, Al systems risk reproducing or even
amplifying existing disparities in healthcare delivery rather than reducing them. Ensuring
representative datasets, transparent reporting, external validation across heterogeneous
populations, and rigorous evaluation of algorithmic fairness should therefore be considered
fundamental prerequisites for the responsible translation of Al into routine pediatric obesity
care [20,25,28].

4. Discussion

Childhood obesity is a complex multifactorial disease that remains a major therapeutic
challenge, particularly because high treatment dropout rates hinder both long-term man-
agement and the early detection of obesity-related complications. Thanks to Al and through
GWASs [15,29], studies about the epigenome [5], metabolomics [57], the transcriptome [56],
and the microbiome [22,24,54], it has been possible to broaden the spectrum of factors
predisposing the onset of obesity in childhood. Thanks to ML, metabolites, intestinal bac-
teria, neurotransmitters and brain regions [22] involved in the onset of obesity have been
identified, as well as SNPs in genes involved in lipid and carbohydrate metabolism, energy
homeostasis and the hunger—satiety mechanism that predispose an increase in BMI [3,4]. It
is also possible to integrate ecological and demographic data [21,30], using ML and DL to
estimate the risk of obesity in a given population, depending on the child’s environment.
Thus, it is possible to estimate the risk of developing complications for an individual based
on multi-omics integration [20]. Among the most frequent complications, already present
in pediatric age, are MS, prediabetes, T2DM, MASLD, all united by metainflammation and
by insulin resistance [11]. It is known that the probability of developing these complica-
tions depends on the duration of obesity, however several studies have demonstrated a
genetic and epigenetic susceptibility underlying this risk [25,27,28]. Although ML has been
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widely applied to the prediction, stratification, and management of T2DM, evidence in
pediatric populations remains very limited. Overall, the pediatric evidence supports only a
limited number of AI models. Most predictive algorithms—including SVM, RE, ANN, and
XGBoost—have been extensively evaluated in adults, whereas pediatric studies are gener-
ally restricted to single-center cohorts with relatively small sample sizes. Consequently,
current evidence supports the feasibility of these approaches in children rather than their
clinical generalizability. To date, only the study by Yang et al. developed an ML model
specifically to predict T2DM onset in children with obesity. In a cohort of 292 obese children,
eight ML algorithms were compared, with the SVM achieving the best performance. The
final model included eight predictors—BMI, creatinine, prealbumin, thyrotropin, total
thyroxine, free thyroxine, glycated hemoglobin (HbAlc), and plasma glucose 180 min
after an oral glucose tolerance test—highlighting the value of combining metabolic and
endocrine markers. However, the model was developed in a relatively small cohort, and
neither external validation nor calibration was reported, limiting its generalizability and
current clinical applicability [41]. In contrast, numerous studies have evaluated ML models
in adults with obesity and T2DM. Among the available approaches, RE, GB, SVM, ANN, LR,
and DT have consistently shown good predictive performance, with RF and GB emerging
as particularly promising because of their ability to model complex nonlinear relationships.
The best-predicted outcomes include incident T2DM, prediabetes, diabetes-related com-
plications, postprandial glycemic responses, and hypoglycemia. A systematic review by
Nomura et al. reported that GB-, RF-, and LR-based models can predict T2DM up to five
years before diagnosis [43]. Other studies have shown that ANN effectively identifies indi-
viduals with prediabetes and T2DM, while RF- and DT-based models accurately associate
both traditional and emerging risk factors with disease onset. ML has also identified less
conventional predictors, such as short sleep duration, high sodium intake, psychological
stress, environmental pollution, and urban residence. Beyond risk prediction, ML has
contributed to identifying biomarkers of 3-cell dysfunction, including depletion of ma-
ture insulin-producing cells and inflammatory remodeling of pancreatic cell populations.
Notably, several predictors recurred consistently across independent studies, including
BMI, waist circumference, fasting glucose, HbAlc, triglycerides, and age. Their repeated
identification across different ML algorithms suggests that these variables represent robust
predictors rather than model-specific findings.

ML can be useful for predicting diabetes complications. Clustering approaches identi-
fied clinically meaningful T2DM subgroups with distinct complication profiles, including
severe insulin deficiency associated with diabetic retinopathy and severe insulin resis-
tance associated with diabetic nephropathy. Similar models have consistently identified
early-onset T2DM phenotypes with poor glycemic control and increased microvascular
risk. Beyond prediction, ML has demonstrated clinical potential in precision nutrition
and diabetes management. GB-based algorithms integrating clinical, dietary, lifestyle, and
gut microbiota data accurately predicted individualized postprandial glycemic responses,
enabling personalized dietary interventions that improved glycemic control. In clinical
practice, decision-support systems such as AdvisorPro for insulin dose adjustment and
Guardian for hypoglycemia prediction illustrate how ML can be translated into patient
care [43,51].

Despite these encouraging results, relatively few studies have performed external
validation, and calibration is infrequently reported despite being essential for reliable risk
prediction. Across the reviewed literature, external validation remains the exception rather
than the rule. Apart from the ultrasound-based MASLD model externally validated in an
independent pediatric cohort [81], no pediatric prediction model identified in this review
underwent robust multi-center external validation. Calibration, which determines whether
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predicted risks correspond to observed outcomes, was rarely evaluated. Consequently,
even models showing excellent discrimination cannot yet be considered reliable for in-
dividual clinical decision-making. Consequently, although some ML applications have
reached clinical implementation, most prediction models remain retrospective and require
prospective validation before widespread adoption. The greatest evidence gap remains in
children. Compared with the extensive adult literature, pediatric evidence is limited to a
single predictive study, with no largemulti-centerr cohorts, external validation, calibration
analyses, or implementation studies. Future research should focus on developing and
validating pediatric-specific models that account for growth, pubertal development, and
the unique metabolic characteristics of children with obesity.

Al has substantially expanded the understanding of MASLD by integrating transcrip-
tomic, lipidomic, metabolomic, microbiome, and clinical data. ML has identified novel
genes, including AXUD1, FOSB, GADD45B, and SOCS2, metabolomic biomarkers such
as glutamic acid, isocitric acid, and C4BPA, and environmental factors including pesticide
exposure that may contribute to disease development [56-58]. These approaches have
also enabled large-scale electronic medical record analyses for disease surveillance, risk
stratification, prognosis, and personalized therapeutic approaches, including prediction of
dietary and pharmacological responses.

Among predictive models, RF, SVM, and XGBoost consistently demonstrate the best
performance for identifying MASLD in individuals with obesity. RF- and SVM-based mod-
els have been validated for predicting MASLD using clinical and demographic variables,
while an XGBoost model developed by Zhang et al. [65] achieved high predictive accu-
racy using clinical and biochemical data, identifying waist circumference as one of the
strongest predictors. Other ML models identified the roundness index, triglyceride-glucose
index, and visceral adiposity index as effective predictors of MASLD. Across studies, the
most recurrent predictors include BMI, waist circumference, triglycerides, liver enzymes
(particularly ALT), age, sex, and features of metabolic syndrome. Dietary and lifestyle
factors—including consumption of high-glycemic foods, low flavonoid and vitamin D
intake, poor psychological well-being, and low self-perceived health status—have also
emerged as important predictors. BMI and triglycerides have additionally been associated
with progression from steatosis to MASH. Beyond disease prediction, ML has demon-
strated value in prognostic assessment. ML models outperform conventional fibrosis scores
such as FIB-4 by approximately 10% in identifying advanced liver fibrosis using clinical,
anthropometric, and biochemical variables. Additional applications include prediction of
hepatocellular carcinoma risk and cardiovascular risk stratification through CART models.
DL, particularly CNNs, has shown excellent performance in imaging-based diagnosis.
CNNs accurately detect hepatic steatosis on ultrasound, quantify liver fat on computed
tomography, characterize histological features of MASLD and MASH, and classify fibrosis
stages from biopsy and elastography images. Integrating radiomic features with circulating
biomarkers and metabolomic data further improves diagnostic performance, highlighting
the potential of multimodal Al approaches.

Despite these advances, clinical implementation remains limited. Although several
models have undergone internal validation and a few have been externally validated,
external validation across diverse populations is still uncommon, and calibration is rarely
reported. Consequently, most models remain research tools rather than clinically de-
ployable decision-support systems. The evidence gap is particularly evident in children.
Compared with the adult literature, relatively few pediatric studies have included large co-
horts or independent external validation. One ML model combining SVM, neural networks,
and XGBoost demonstrated good diagnostic performance for ultrasound-based MASLD
detection in 132 children and was externally validated in an independent cohort [81]. Other
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pediatric studies have identified circulating inflammatory proteins (as the ProScore), anthro-
pometric measures (BMI, waist circumference, fat mass, and ALT), metabolomic biomarkers
such as tryptophan derivatives, and gut microbiome signatures as promising predictors of
MASLD. ML has also identified microbiota profiles associated with disease progression
in adults, including Prevotella copri, which promotes hepatic lipid accumulation, and re-
duced abundance of Eubacterium hallii, suggesting a potential protective role. Nevertheless,
pediatric evidence remains limited, with few prospective, multi-center studies, little assess-
ment of calibration, and limited evaluation of real-world clinical utility. Larger externally
validated pediatric cohorts integrating clinical, imaging, and multi-omics data are needed
before Al-based MASLD prediction models can be routinely implemented in pediatric
practice. Among the reviewed approaches, Al-assisted imaging for MASLD detection,
ML-based prediction of postprandial glycemic responses, and clinical decision-support
systems for diabetes management currently appear closest to clinical translation, owing
to their validation in prospective clinical settings and integration into decision-support
workflows [51,81]. Conversely, multi-omics prediction models integrating genomics, tran-
scriptomics, metabolomics, and microbiome data remain largely exploratory. Although
biologically informative, these approaches are limited by small sample sizes, high dimen-
sionality, lack of standardization, and insufficient external validation. Importantly, higher
predictive performance does not necessarily imply superiority over conventional statistical
approaches. In several studies, logistic regression achieved discrimination comparable
to more complex ML algorithms, particularly when based on routinely available clinical
variables. Therefore, the added clinical value of Al should not be assumed solely from
higher AUC values but should also consider calibration, interpretability, implementation
costs, and prospective clinical impact. At present, no Al-based prediction model can be
recommended for routine pediatric obesity care. Although several algorithms demonstrate
promising retrospective performance, none has accumulated sufficient evidence regarding
external validation, calibration, prospective evaluation, and clinical impact to support
routine implementation. A recurring finding across all obesity-related complications is
the distinction between statistical discrimination and clinical usefulness. Many AI mod-
els achieve high discrimination in retrospective datasets; however, discrimination alone
is insufficient to justify clinical implementation. Robust calibration, external validation
across heterogeneous pediatric populations, prospective impact studies, and demonstration
of incremental benefit over existing clinical prediction tools remain largely absent. Until
these requirements are fulfilled, Al should be considered a promising adjunct to clinical
decision-making rather than a replacement for established pediatric assessment. These
findings should also be interpreted in light of the methodological limitations discussed in
the following section, including small pediatric cohorts, class imbalance, heterogeneous
outcome definitions, missing data, limited model transparency, and the lack of standard-
ized reporting, all of which currently restrict the translation of AI models into routine
pediatric practice. Furthermore, very few studies have evaluated whether Al-assisted
decision-making improves clinician performance, patient outcomes, or cost-effectiveness
compared with standard care. Such impact analyses represent a crucial step before routine
clinical implementation.

5. Conclusions

ML and DL have made significant contributions to the diagnosis, risk stratification for
complications, prognosis, and treatment of childhood obesity. By integrating multimodal
data—including clinical, biochemical, social, behavioral, ecological, genetic, epigenetic, radio-
logical, and histological information—it is possible to develop a comprehensive profile for
each patient. This phenotyping enables personalized risk estimation for disease progression
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and obesity-related complications, supporting targeted interventions tailored to the patient’s
clinical phenotype and representing a promising step toward precision medicine. Al-based
software may also optimize lifestyle interventions, facilitate intelligent monitoring of compli-
cations, and promote greater patient engagement and awareness. Despite these promising
developments, several important limitations currently prevent the routine clinical implemen-
tation of most Al models. The available evidence for pediatric T2DM prediction remains very
limited, and prediction models developed in adults cannot be directly transferred to children
because of substantial differences in disease pathophysiology, clinical presentation, and devel-
opmental factors. Among obesity-related complications, externally validated pediatric models
for MASLD, particularly those based on imaging or routinely available clinical variables,
appear to be the most promising; however, their performance and generalizability remain
insufficient to support routine clinical use. Similarly, emerging multi-omics and microbiome-
based approaches offer valuable insights into disease mechanisms and may improve future
predictive performance, but they are still largely exploratory and require further validation
before clinical translation. Several methodological challenges also need to be addressed. Most
published models have been developed and evaluated using retrospective datasets from
limited populations, with insufficient external validation across diverse healthcare settings. In
addition to external validation, future studies should systematically assess model calibration,
fairness across clinically relevant demographic and socioeconomic subgroups, and prospective
clinical impact to determine whether Al-assisted decision-making improves patient outcomes
in real-world practice. Until these requirements are met, most of the reviewed models should
not be used for routine individual clinical decision-making but rather considered as promis-
ing research tools. Beyond methodological issues, Al implementation presents important
practical and ethical challenges. Al systems rely on large, high-quality datasets, requiring
substantial investments in data collection, storage, integration, maintenance, and standard-
ization. The heterogeneous data used for model development must be carefully curated and
validated by expert clinicians before analysis. Moreover, Al raises concerns regarding patient
privacy, data security, informed consent, algorithmic transparency, legal accountability, and
the potential to exacerbate health inequalities due to unequal access to digital technologies
and varying levels of digital literacy. The effectiveness of Al-driven software for lifestyle
monitoring and personalized recommendations also depends heavily on patient motivation
and adherence, which remain highly variable without direct clinical supervision. Overall, Al
has considerable potential to transform the prevention and management of childhood obesity
and its complications. However, current evidence remains insulfficient to support widespread
clinical implementation. Large, prospective, multi-center studies involving diverse pediatric
populations, together with rigorous validation, health economic evaluations, and implemen-
tation research, are needed before Al-based prediction models can be safely and effectively
integrated into routine pediatric clinical practice.
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T2DM Type 2 Diabetes Mellitus

MASLD Metabolic Dysfunction-Associated Steatotic Liver Disease
Al Artificial Intelligence

ML Machine Learning

SNPs Single Nucleotide Polimorphisms

WHO World Health Organization

BMI Body Mass Index

COVID-19 Coronavirus Disease 2019
GWASs Genome-Wide Association Studies

PYY Peptide YY

GLP-1 Glucagon-Like Peptide-1

OXM Oxintomodulin

CCK Cholecystokinin

GIP Gastric Inhibitory Polypeptide

PP Pancreatic Polypeptide

OSAS Obstructive Sleep Apnea Syndrome
BED Binge Eating Disorder

MS Metabolic Syndrome

MASH Metabolic-Associated Steatohepatitis
DL Deep Learning

NLP Natural Language Processing

PCA Principal Component Analysis
SVM Support Vector Machine

ANN Artificial Neural Network

Ccv Computer Vision

CNNs Convolutional Neural Networks
RNNs Recurrent Neural Networks

EHRs Electronic Health Records

NGS Next-Generation Sequencing
CHICA Child Health Improvement via Computer Automation
AAP American Academy of Pediatrics
LLMs Large Language Models

DTx Digital Treatments

10T Internet of Things

NB Naive Bayes

DTs Decision Trees

RF Random Forest

KNN K-Nearest Neighbor

LR Logistic Regression

GB Gradient Boosting

HDL High-Density Lipoprotein

CART Classification and Regression Tree
LASSO Least Absolute Shrinkage and Selection Operator

XGBoost eXtreme Gradient Boosting
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