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Abstract

Background: Pediatric obesity represents a public health problem, given its pandemic spread in
recent decades and the presence of complications already in childhood that affect the prognosis in
adulthood. Obesity is a complex and multifactorial disease with a bio-psycho-social etiology, and
several predisposing factors are still being discovered. Many obesity-related comorbidities are
detected already in childhood: pre-diabetes and type 2 diabetes (I2DM), Metabolic Dysfunction-
Associated Steatotic Liver Disease (MASLD), hypertension, sleep apnea, sarcopenia, and
osteoarticular disorders. To date, lifestyle modification and the Mediterranean diet remain the
cornerstones of primary and secondary obesity prevention. Artificial intelligence (Al) represents a
new tool for healthcare professionals to improve the early diagnosis and treatment of childhood
obesity complications. Methods: Articles, reviews, consensus statements, guidelines, meta-analyses,
and editorials published on “PubMed,” “NIH-National Library of Medicine,” and “Google Scholar”
were analyzed. The keywords used were: "obesity", "globesity", "children", "comorbidities",
"healthcare", "socioeconomic status,” "MASLD," "metabolic comorbidities," "diabetes," "artificial
intelligence", “machine learning”, "deep learning", and "multiomics". Results: By synthesizing
multi-omic information—comprising the genome, epigenome, metabolome, transcriptome, and
microbiota—alongside social and psychological metrics, artificial intelligence (Al) can forecast the
probability of obesity development and facilitate the timely detection of complications within
vulnerable populations. Utilizing machine learning (ML) and deep learning techniques, researchers
have pinpointed specific metabolites, intestinal flora, neurotransmitters, and neurological areas
linked to obesity's emergence. Furthermore, these methods have detected SNPs in genes related to
carbohydrate and lipid metabolism, energy balance, and the hunger-satiety regulatory systems that
contribute to obesity susceptibility. Various risk assessments and prognostic models rely on ML;
these include algorithms designed to evaluate the likelihood of MASLD or diabetes progression in
pediatric patients with obesity. Consequently, through ML-driven software, it is feasible to conduct
remote surveillance of a patient’s nutritional habits and exercise routines, or to suggest bespoke
dietary regimens tailored to individual patient profiles. Conclusions: Artificial intelligence has the
potential to aid healthcare providers in enhancing the management of childhood obesity through
personalized medical strategies, although various concerns regarding access, data privacy, and
digital literacy remain unresolved.

Keywords: artificial intelligence; childhood obesity; diabetes type 2; MASLD; predictive models; risk
assessment; prevention

1. Introduction

Childhood obesity represents a therapeutic challenge for healthcare professionals, and its
prevalence poses a public health problem for current and future generations. In pediatric age, we
define obesity in different ways, depending on the age. Up to 24 months, obesity is defined as a
weight-to-length ratio above the 99th percentile on the 2006 WHO growth charts. Between the ages
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of 2 and 5 years, obese children are defined as having a body mass index (BMI) above the 99th
percentile on the 2006 WHO charts. Over the age of 5 years, obese children are defined as having a
BMI above the 97th percentile on the 2007 WHO charts. If this value falls between the 85th and 97th
percentile, they are considered overweight; if it exceeds the 99th percentile, they are considered
severely obese, as the incidence of complications is higher in this population group[1].

Obesity is divided into primary or idiopathic forms, related to a greater intake of calories than
energy expenditure, and secondary forms caused by diseases for which obesity is the phenotype.
Recognizing the signs and symptoms of diseases that manifest with secondary obesity is essential for
proper therapeutic and care management. Among the signs that suggest the presence of underlying
diseases, the most significant are: onset of the clinical picture before 5 years of age, rapid progression
of obesity, association with signs attributable to a genetic syndrome, dysmorphic features, cognitive
delay, short stature or slow growth associated with weight gain, and use of psychotropic medications.
Among the genetic forms of obesity, we distinguish between syndromic and monogenic forms. The
most common cause of genetic obesity is Prader-Willi syndrome, due in most cases to a paternal
deletion of the 15q11-q13 region. Rarer forms include Bardet-Biedl syndrome, Alstrom syndrome,
and Cohen syndrome: each is characterized by pathognomonic features that aid the clinician in
making the diagnosis. Aneuploidies such as Turner syndrome, Down syndrome, and Klinefelter
syndrome can also be associated with obesity. However, secondary forms of obesity represent only
a small portion of all obese individuals. The vast majority of obese patients have a primary,
multifactorial form, due to a completely inappropriate nutrient intake compared to the energy
expended through basal metabolism and exercise. It is now known that not only do obese children
and adolescents have a worse quality of life and prognosis due to complications in adulthood than
the non-obese population, but that these comorbidities and reduced quality of life also start in
childhood[1]. Given the prevalence of childhood obesity not only in the West but worldwide,
worsened by the COVID-19 pandemic, primary and secondary prevention has become a public health
goal, and more and more initiatives are being employed to this end, including the definition of
obesity as a disease of great importance. Italy was the first country to recognize obesity as a chronic,
progressive, and relapsing disease: in Italy the Pella Law (n. 183) was approved in October 2025,
which ensures obese patients free access to obesity care and funds prevention programs.

Globesity: the Trend and the Pillars

According to the last survey in 2022, 5.6% of children under 5 years of age are overweight
globally (37 million). 48% of overweight children are concentrated in upper-middle-income
countries, demonstrating its prevalence in developing countries as well[2].

From a pathogenetic standpoint, childhood obesity can be divided into two groups: syndromic
and nonsyndromic obesity. Nonsyndromic obesity, in turn, includes monogenic forms and polygenic
obesity, which is the most common. Polygenic childhood obesity is a complex and multifactorial
disease: a combination of predisposing genetic factors, combined with epigenetic changes, hormones
and neurobiological mediators, social and psychological factors[1]. Among the genetic risk factors
that predispose to obesity, SNPs in different genes have emerged thanks to Genome Wide
Association Studies (GWAS): BDNF, NTRK2, SIM1, BBS2, BBS4, SH2B1, SDCCAGS8, POMC, PCSK1,
MC4R][3], MC3R, NTRK2, PRKD1, FTO, IL6, FHIT and TNFa are genes implicated in the regulation
of food intake, fatty acid metabolism, and hormonal regulation. In particular, mutations in POMC,
MC4R and PCSK1 genes cause severe monogenic obesity, while the presence of SNPs appears to be
associated with a predisposition to an early increase in BMI[4]. However, it seems that the presence
of SNPs alone is not sufficient to explain the genesis of obesity, but that these variants must be
incorporated into a broader and more interactive model.

Talking about the epigenetic background predisposing to childhood obesity, it's necessary to
start from the first 1000 days of life. What happens in this time period, including parents” lifestyle,
influences a child's susceptibility to obesity by reprogramming the cell's epigenome, according to the
theory of transgenerational epigenetic inheritance: a poor-quality maternal diet, maternal or paternal
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obesity, maternal stress, smoking, exposure to environmental pollutants, delivery by c-section, absent
or reduced breastfeeding, low or high birth weight for gestational age are associated with greater risk
of childhood obesity. Methylation has been found in histone deacetylase genes as well as in the NPY,
CR1, CART, CHSTS and FTO genes, in obese subjects compared to controls. Paternal obesity appears
to alter the sperm epigenome, and in subjects who have undergone bariatric surgery, these changes
appear to be partially reversed. During pregnancy and breastfeeding, obese women show
methylation of genes associated with energy metabolism, glucose homeostasis, insulin signaling, and
fat storage. For example, methylation of genes, such as the promoter of OR2L12 or CYP2E], has been
found in the cord blood of infants born to obese mothers or those with gestational diabetes[5].

An emerging issue in recent decades is the impact of endocrine disruptors on the metabolism of
children and young adults of reproductive age: exogenous chemicals of various kinds that mimic the
effects of endogenous hormones and interfere with hormonal signaling pathways. Endocrine
disruptors, such as bisphenol A and phthalates, are present in plastics and can be absorbed through
food, water, or skin. They can also influence the onset of obesity, among several other diseases.
Prenatal exposure to phthalates, parabens, and other phenols appears to influence a child's BML
Endocrine disruptors such as bisphenol A affect fetal growth and cause epigenetic changes that are
transmitted transgenerationally, contributing to the onset of obesity and altered glucose
metabolism[4].

From a neurobiological perspective, various mechanisms are involved in childhood obesity,
which involves an alteration in the homeostasis of glucose and lipid metabolism, the secretion of
digestive hormones, and the signaling pathways for hunger and satiety. Gastrointestinal hormones
interact with the central nervous system through receptors on the vagal pathway (ghrelin is the main
orexigenic hormone, PYY, GLP-1, OXM, glicentin, CCK, GIP, PP, amylin are anorexigenic) and act
synergistically with each other. In obese individuals, energy homeostasis is disrupted due to altered
circadian secretion of these hormones, promoting further weight gain. This occurs, for example,
through reduced postprandial ghrelin suppression, loss of preprandial ghrelin peaks, and reduced
diurnal ghrelin variability, along with reduced fasting and postprandial levels of potent anorexigenic
peptides such as PYY and GLP-1, compared to normal-weight subjects. This translates into a reduced
sense of satiety and a reliance on frequent snacking. An alteration in the microbiota could also
partially explain the altered secretion of intestinal hormones[6].

Leptin, a hormone produced primarily by white adipose tissue and capable of crossing the
blood-brain barrier in its free form, is secreted proportionally to an individual's fat mass and
decreases during fasting. It can stimulate anorexigenic neurons and inhibit orexigenic neurons in the
arcuate nucleus of the hypothalamus, the center of appetite control. In obese individuals, however,
hyperleptinemia is accompanied by resistance to its action at this level, likely through diet-induced
expression of the SOCS3 and STAT3 genes in POMC neurons. Furthermore, several SNPs have been
identified in the leptin signaling pathway that predispose to the onset of obesity by altering the sense
of satiety[7].

The hedonistic aspect of appetite instead is regulated by the orbitofrontal cortex, the amygdala,
the nucleus accumbens, the dorsal striatum, and other structures of the limbic system. Food
addiction, or the compulsion to eat, especially foods high in fat and carbohydrates, fried foods, and
sweets, is increasingly being discussed in the literature. The neurobiological mechanisms underlying
this behavior have been studied, which appear to focus on the opioid and dopamine systems, which
are stimulated by artificially sweetened, high-fat, and salty foods, which trick the brain into
perceiving a false sense of satiety[8].

Numerous social factors contribute to the onset of globesity: studies on the family context of
obese and overweight children have highlighted poor family nutrition education (from parents and
grandparents); family eating habits associated with obesity, such as skipping breakfast, eating little
fruit and vegetables, frequent snacking, foods high in fat and carbohydrates, and sugary drinks,
especially while sitting in front of screens; poorly defined family routines, such as not establishing
mealtimes, sleeptimes, or time spent together; insufficient encouragement of children to participate
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in outdoor activities; family dysfunction, social insecurity, low self-esteem, stress; the imposition of
restrictive diets, which leads children to consume "forbidden" foods when unsupervised; exposure
to junk food advertising; the convivial role of food, and in particular, associating positive emotions
such as parties or happy events with overeating; and the consumption of fast food as a sense of
emancipation, or in some poorer communities as a legacy of the economic crisis and reduced food
availability. In some contexts, mothers are seen as over-nourishing and measure affection in the
amount of food they give their children, thus resisting lifestyle changes proposed as a treatment for
obesity. Psychosocial stress can also lead to the consumption of food as compensation, especially
comfort food, that is, ultra-refined and ultra-processed foods rich in carbohydrates and saturated fats.
Comorbidities psychopathological, such as anxiety, depression, autism spectrum disorder, but also
reduced self-regulation, impatience, "difficult" temperament can lead to overeating disorders, such
as binge eating disorder, associated with overweight and obesity[9].

Complications of Obesity: Focus on Metabolic Disfunction

There are numerous comorbidities associated with childhood obesity and, contrary to what was
once believed, they do not only affect adulthood, but begin and progress already in childhood and
the frequency and severity are proportional to the precocity and extent of obesity[1]. The most
frequent complications of childhood obesity are cardiometabolic comorbidities, the central drive of
which appears to be obesity-related low-grade inflammation, which contributes to the onset of
Metabolic Dysfunction-Associated Steatotic Liver Disease (MASLD), insulin resistance and
hypertension. Other complications associated with obesity include gastrointestinal comorbidities,
such as gastroesophageal reflux disease and cholelithiasis; respiratory comorbidities, such as
obstructive sleep apnea syndrome (OSAS), asthma, and hypoventilation syndrome; orthopedic
comorbidities, such as slipped capital femoral epiphysis, Blount disease, genu valgum, flat feet and
increased susceptibility to fractures; sarcopenia; neurological comorbidities, such as idiopathic
intracranial hypertension and chronic migraine; psychological comorbidities like anxiety-depressive
symptoms, eating disorders, body dysmorphic disorder, low self-esteem, and suicidal risk. Binge
Eating Disorder (BED) is the most common eating disorder among obese patients and can sometimes
be associated with bulimia or attention deficit hyperactivity disorder[1,9].

This review will focus on metabolic comorbidities, the most important ones in childhood for
prognosis and quality of life in adulthood. Excess weight, hypertension, dyslipidemia, systemic
inflammation, insulin resistance, increased coagulability and oxidative stress are the main factors
contributing to metabolic and cardiovascular risk in obese children[10]. This cellular metabolic
dysregulation represents the complex pattern underlying metabolic syndrome (MS). Unlike adults,
the diagnosis of MS in children and adolescents is not yet unequivocal: most assessments have been
based on adaptations based on adult criteria. The current prevalence of MS in childhood and
adolescence is 4.5-8.4%[11]. The recent article by Zong et al. proposed univocal diagnostic criteria for
metabolic syndrome in pediatric age [12].

A key factor appears to be excessive central obesity, with visceral adipocytes dysfunction, that
causes macrophage migration into adipose tissue, altered adipokine secretion, oxidative stress,
endoplasmic reticulum stress and proinflammatory cytokine secretion that fuels metainflammation
[13,14]. Obesity is associated with elevated levels of free fatty acids and adipokines, including leptin,
resistin, interleukin-6 (IL-6), and tumor necrosis factor-a (TNF-a), which increase hepatic glucose
production and reducing glucose uptake by skeletal muscle. This is accompanied by reduced
expression of adiponectin, which has an insulin-sensitizing effect in muscle and liver[14]. In
peripheral tissues, elevated levels of free fatty acids and triglycerides impair mitochondrial function
and increase the degree of oxidative stress, with the overall effect of reducing the ability of insulin to
stimulate glucose transporters to the cell surface. Insulin resistance leads to an increased need for
insulin production, and glucose levels rise as resistance exceeds the capacity of pancreatic beta cells
to release adequate amounts of insulin, contributing to the onset of T2DM. Further downstream
effects include hypertension and reduced HDL cholesterol levels, both of which contribute to an
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increased risk of cardiovascular disease[11]. In the pathogenesis of T2DM associated with childhood
obesity, once again the proposed model is the interaction between a predisposing genetics and an
exposome, i.e. the set of factors to which the individual is exposed, which constitutes the trigger
environment [13,14]. Through GWAS, the Progress in Diabetes Genetics in Youth (ProDiGY)
consortium identified seven genomically significant loci, including rs7903146 in TCF7L2, rs72982988
near MC4R, rs200893788 in CDC123, rs2237892 in KCNQI, rs937589119 in IGF2BP2, rs113748381 in
SLC16A11, and rs2604566 in CPEB2. In the population studied, the trigger environment was found
to be a poor-quality hypercaloric diet combined with reduced physical activity[15]. The clinical
course of pediatric-onset T2DM differs significantly from that of adult-onset disease. In a study
comparing glucose tolerance in 34 obese adolescents to 17 adults matched for BMI, sex, and ethnicity,
youth had nearly 50% lower insulin sensitivity and twice the insulin levels. This may explain the
worse glycemic control in adolescents with T2DM compared to adults, due to the greater (3-cell
burden, which leads to premature (>-cell failure and worsening glycemic status and thus an
accelerated progression to micro- and macrovascular complications compared to adults[14].
Metabolic Dysfunction-Associated Steatotic Liver Disease (MASLD), formerly known as
nonalcoholic fatty liver disease (NAFLD), has become the most common chronic liver disease in
children and adults in industrialized countries, coinciding with the obesity epidemic. MASLD
encompasses a spectrum from simple steatosis to steatohepatitis with varying degrees of fibrosis,
called metabolic-associated steatohepatitis (MASH), to liver cirrhosis. The majority of individuals
with MASLD do not progress to advanced stages of MASH with fibrosis, but given its high
prevalence, MASLD is becoming a major reason for liver transplantation in adulthood. Furthermore,
advanced MASLD increases the incidence of non-hepatic complications, such as type 2 diabetes and
cardiovascular risk. Currently, there are no non-invasive gold standard methods for the diagnosis
and monitoring of MASLD, and there are no approved targeted treatments for MASLD. The
estimated prevalence of MASLD in obese children is 34.2%. The exact prevalence of MASH or more
advanced stages is unknown, as this diagnosis requires liver biopsy, which is rarely performed in
pediatric age for staging alone: the prevalence of liver fibrosis is estimated to be around 16% of cases
and cirrhosis in 0-1% of cases. From a genetic point of view, multiple SNP variants have been
identified that influence the risk of MASLD, primarily by altering intrahepatic lipid metabolism. The
1148M allele in the PNPLA3 gene rs738409[G] is the genetic variant most strongly associated with
hepatic fat and inflammation. Obesity-related metabolic disorders, including insulin resistance, type
2 diabetes, dyslipidemia, and hypertension, are risk factors for advanced MASLD. Insulin resistance
and type 2 diabetes are the major risk factors for its onset, as insulin resistance plays a key role in the
pathophysiology of MASLD: the prevalence of prediabetes and type 2 diabetes is double in children
with obesity and MASLD compared to obesity alone, and the development of type 2 diabetes is
strongly associated with MASLD progression. The natural course of pediatric MASLD remains
incomplete due to limited long-term follow-up studies. Follow-up data from clinical trials have
shown that one-third of children with baseline steatosis or borderline MASH experienced histological
progression to definite MASH and/or advanced fibrosis within 2 years. A recent 10-year follow-up
study of 51 adolescents showed progression of fibrosis in 16% of cases and advanced fibrosis in 6%.
Although cirrhosis, liver failure, and hepatocellular carcinoma (HCC) are rare in pediatric age, cases
have been described. In adults, approximately 5% of patients with MASLD progress to cirrhosis, with
1-2% dying from liver-related causes. Extrahepatic complications associated with MASLD in
pediatric age include type 2 diabetes, dyslipidemia, hypertension, renal impairment, and polycystic
ovary syndrome, all of which are considered risk factors and consequences of MASLD. It has been
shown that pediatric-onset MASLD is independently associated with an increased risk of mortality
from cancer, liver disease, and cardiometabolic diseases in adults: adults with MASLD have a
mortality risk 1.3 times higher than the general population, mainly due to cardiovascular causes[16]
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Artificial Intelligence

Artificial intelligence (Al) is the ability of a computer to perform operations associated with
human intelligence, through a model or algorithm. Al devices are capable of learning, which is taught
by the operator through training: the training makes the device capable of responding to the input
with an adequate output, to achieve a pre-established purpose[17].

Al, due to its potential and particularly the amount of data it can store and process, represents a
significant support in the healthcare field: it can assist healthcare professionals in a range of tasks,
including compiling individual patient clinical data reviews, risk stratification of individual patients
based on clinical characteristics, processing radiological or histological clinical images, and
predicting a patient's clinical response to treatment. Al potentially enables precision medicine:
personalized treatment for each patient will take into account genomic variants, age, gender,
geographic location, ethnicity, cellular metabolic profile, microbiome, and ecological susceptibility to
medical treatments. This involves the acquisition of patient data, such as genetic information, data
from continuous telemetry monitoring devices, or data from electronic medical records. In this way,
each patient will receive personalized, tailored treatment, reducing adverse effects and optimizing
benefits [17,18]. However, before Al systems can be used in healthcare, they need to be trained with
health data generated by clinical activities (screening, diagnosis, follow-up visits), so that the Al
device can learn the characteristics of the subjects, do associations, classify them, identify patterns
and disease indicators, and make predictions of various outcomes. The challenge lies in integrating
widely varying data into a single language: epidemiological data, medical history, recordings from
electronic devices (such as telemetry monitoring devices), physical examinations, radiological and/or
histological images, laboratory data, genetics, epigenetics, and ultrasound data. All this information
is expressed in quantitative (vital parameters, laboratory data) and qualitative (radiological reports)
data, and therefore, in the eyes of the machine, it constitutes a heterogeneous code that is difficult to
standardize. Various techniques, increasingly complex over time, have been developed to analyze
and integrate this data, enabling the development of diagnostic and predictive algorithms applicable
to healthcare[18].

Through a branch of Al, called Machine Learning (ML) it is possible to train the machine to learn
and analyze data and perform a specific task, to solve a desired problem[17] The machine is trained
by entering a large amount of data, and the higher the amount, the more efficient the machine's
training. ML can be used to analyze structured data such as clinical, genetic, and biochemical data.
In healthcare, machine learning models attempt to group patient characteristics into clusters or infer
the likelihood of disease outcomes based on provided indicators (Figure 1). However, it is not
possible to analyze unstructured data, such as radiological or histological images, and it is not
possible with classical machine learning to integrate heterogeneous data into complex models from
which to develop outcomes and predictive models. Therefore, classical machine learning (ML) has
evolved into deep learning (DL), a more complex technique capable of integrating a significant
amount of data and processing results from complex data. A DL technique that overcomes the
limitations of machine learning on unstructured data is natural language processing (NLP)[18]. With
NLP, you can automate question responses, perform text analysis and synthesis, as well as evaluate
and extract information using unstructured sources[17]. NLP procedures aim to transform texts (such
as medical records, radiological and histological reports) into structured machine-readable data,
which can then be analyzed using ML techniques [18]..

Machine Learning

Machine learning (ML) is the ability of a machine to provide an appropriate outcome in response
to input and to learn automatically, using data to improve its performance based on experience[17].
ML builds data analysis algorithms to extract features from data: in healthcare, patient characteristics
represent the input, that is the starting point from which to extract the result. Inputs typically include
basic data, such as age, gender, and past medical history, as well as disease-specific data, such as

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0359.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 June 2026 d0i:10.20944/preprints202606.0359.v1

7 of 24

radiological tests, biochemical values, genetic variants, physical examination data, clinical symptom:s,
medication use, and so on[18].

ML algorithms can be divided into three main categories: unsupervised learning, supervised
learning, and reinforcement learning. More recently, semi-supervised learning has been proposed as
a hybrid between unsupervised and supervised learning[17,18].

In unsupervised learning, a computer is trained with a nonspecific data set and independently
predicts the results. In this case, models are developed on a data set that has not been categorized or
labeled, and the machine acts on it autonomously. The primary goal of this learning is to classify or
group the unsorted data set based on commonalities, patterns, and variances. The machine must be
able to identify hidden patterns in the input data set[17]. Clustering and principal component
analysis (PCA) are two examples of unsupervised learning. Clustering groups subjects with similar
traits into clusters, generating labels without using outcome information. PCA is primarily used to
handle large numbers of repeated inputs, such as the number of genes in a genome-wide association
study. PCA synthesizes a large amount of data into principal components without losing too much
information about the individual inputs. It is possible to combine the use of PCA to reduce the data
dimensionality and then use clustering to group the items[18].

In supervised ML, a specific, labeled dataset is used to train the machine, which, after training,
is able to predict an outcome based on the learned model. For good efficiency, the input must be
correct and the dataset must be correctly mapped by the machine[17].The result is included in the
training to improve the model's efficiency. Compared to unsupervised ML, it provides more reliable
results, which is why supervised ML is preferred in healthcare. Unsupervised ML however can be
used as part of the pre-processing phase, to reduce dimensionality or identify subgroups, which in
turn makes the subsequent supervised learning phase more efficient[18]. Supervised ML allows, for
example, to estimate based on patient characteristicsThe probability of contracting a particular
clinical event, the value of a disease marker, or the expected survival time. Supervised ML techniques
include linear regression, logistic regression, naive Bayes, decision trees, K-nearest neighbors,
random forest, linear discriminant analysis, support vector machine (SVM), and artificial neural
network (ANN)[17]. SVM is one of the most widely used techniques and is primarily used to classify
subjects into two groups. The training objective is to find the optimal discrimination so that the
resulting classifications are as close as possible to the results, i.e., with minimal classification error
(e.g., benign vs. non-benign lesion)[18]. An ANN is a model inspired by the human nervous system,
consisting of artificial neurons or nodes (chips) that establish a complex interaction between each
other, forming a network, connected by a system of connection parameters ("weights") that allows
the passage of signals between one chip and another. An ANN allows for the capture of complex
nonlinear relationships between input variables and an outcome[17]. An ANN can generally be
divided into three layers of neurons: input (which collects inputs), hidden (which discovers patterns
and handles most of the internal computations), and output (which creates and displays the final
network outputs). Computation is fueled by connections between neurons, and each neuron has an
output layer, a transfer function, and a weighted input. The weighted sum of the inputs a neuron
receives activates it, and the activation signal then travels through a transfer function to generate an
output. The neural network's architecture, learning rules, and transfer functions influence the
behavior of the ANN. Several factors can influence the performance of a neural network: connection
parameters, bias, learning speed, and the size of the processed subsets[17].

Therefore, in reinforcement learning, an artificial intelligence agent, called a software
component, automatically executes its actions, learning from experience and improving performance.
Reinforcement learning operates with a feedback-based approach, with a reward for positive
feedback and a penalty for negative feedback. The goal of the software component is to obtain the
maximum reward and the minimum penalty[17].
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Deep Learning

While machine learning requires the acquisition of elementary data to provide results, according
to the training provided by the data manager, deep learning (DL) represents a step beyond this
"elementary"” function. In DL, the machine is fed raw data and develops its own pattern recognition
scheme. The model the machine uses to identify the various patterns is developed using a series of
simple parallel operations as a basis, integrated into sets of increasingly complex operations. The
most widely used DL models are based on supervised and reinforced ML models. The input data can
be heterogeneous, a feature of enormous advantage in the healthcare sector: for example, results from
laboratory tests, radiological examinations, disease indicators, histological images, and so on can be
integrated. Furthermore, deep learning models can work on large data sets, integrating the results
obtained from the processing models into a single final result. This feature represents an evolution
compared to traditional DL models and allows for the identification of clinical and therapeutic
outcomes and predictive models in the healthcare sector[19]. Literature has recently highlighted the
potential of DL in complex diagnostic areas, such as dermatology, radiology, ophthalmology, and
pathology. An example is the development of the field of artificial vision - computer vision (CV),
which focuses on understanding images and videos and performs feature and pattern recognition
and segmentation and classification, useful for determining the presence of a certain item (e.g., a
tumor lesion) in a radiological or histological image[18,19].

DL has provided an evolution of ANN: convolutional neural networks (CNN). This DL
algorithm is a specialized subcategory of ANN capable of extracting features from unstructured data
such as images (in the healthcare sector, radiological images, cytological or histological). CNNs learn
to classify objects in an image, enhancing clinicians' ability to identify features of interest (e.g.,
fibrosis, calcifications, tumor lesions). CNNs have demonstrated excellent performance in transfer
learning, where a CNN initially trained on a huge dataset, unrelated to the desired outcome, is further
refined on a much smaller dataset related to the task of interest (e.g., medical images). In the training
phase, the algorithm leverages large amounts of data to learn statistically relevant, non-specific
findings in the proposed images; in the second phase, higher levels of the algorithm are retrained to
distinguish cases of medical interest. Additionally, object detection and segmentation algorithms
identify specific parts of an image that correspond to a particular outcome (e.g. a particular
cytoarchitecture). In this way CNN algorithms take the image data as input and process them until
the original raw data matrix is transformed into a probability distribution[19].

Another new DL tool is natural language processing (NLP). Images, clinical reports, and genetic
data must be machine-readable so that ML algorithms can be run directly after appropriate
preprocessing or quality control. However, much of the clinical information is in the form of narrative
text, which is unstructured and incomprehensible to computer programs. In this context, NLP aims
to extract useful information from narrative text and classify it to support clinical decision-making.
Through DL algorithms such as using recurrent neural networks (RNN), NLP can perform text
analysis, understand spoken or transcribed language, analyze the temporal sequence of events, and
generate image captions or text consistent with input (similar to the ChatGpt system). In the
healthcare sector, the data processed by NLP increasingly comes from electronic health records
(EHRs), veritable databases containing millions of data on millions of patients. The raw data for each
patient must be standardized and standardized to create a comprehensive, analyzable system. In this
way, the algorithm through the ML component it can manage structured data (quantitative, linear
and continuous values) and through the NLP component it can extract unstructured texts and in turn
these techniques can be integrated into systems such as CNNs to formulate diagnoses and predictive
models [18,19].

One field where ML and DL are significantly contributing to scientific progress is genomics.
GWAS analysis requires algorithms for very large patient cohorts and that manage confounding
factors, characteristics where DL algorithms have proven effective. Potentially, algorithms could
integrate complex phenotypic data, such as clinical, radiological, or histological images, or
continuous remote monitoring data, such as that from sensors, into genotypic variants. In other

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0359.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 June 2026 d0i:10.20944/preprints202606.0359.v1

9 of 24

words, the study of genetic or epigenetic variants could benefit from DL techniques for phenotype
prediction. For example, a challenge for clinical geneticists is determining whether a variant is
clinically relevant. In this regard, DL-based predictive models could support this classification by
predicting the pathogenicity of mutations. Genomic data can also directly serve as a biomarker for
the onset and progression of a disease: for example, data extracted from circulating cell-free DNA
may contain biomarkers useful in the early diagnosis of chronic diseases or tumors; or prenatal
diagnosis can be performed using specific biomarkers from fetal DNA. DL systems can improve the
quality of biomarker testing by providing predictive models based on the presence of SNPs,
methylation profiles, and other epigenetic modifications[19].

2. Materials and Methods

This review was conducted using the following databases: PubMed, NIH-National Library of
Medicine and Google Scholar. The keywords used were: "obesity," "globesity," "children,"
"comorbidities," "healthcare,” "socioeconomic status,” "MASLD," "metabolic comorbidities,"

"ou

"diabetes," "artificial intelligence,” “machine learning”, "deep learning," and "multiomics." The
inclusion criteria used were: articles in English published since 2004; full-length articles, narrative
reviews, systematic reviews, scoping reviews, consensus, guidelines, meta-analyses, editorials. 91

papers were selected, while 17 papers were excluded since they were beyond the scope of this review.

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, for 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[13].

Al-based models can integrate data from electronic health records (EHRs), growth curves, family
lifestyle data, including dietary habits, physical activity and social and environmental
determinants[21]. For example, computer vision applied to satellite imagery allows for the
quantification of green spaces, physical activity areas, bike paths, and the density of commercial
establishments selling junk food, which influence the behavior of certain groups of individuals[22].
By integrating these heterogeneous data sources, Al algorithms can build high-resolution maps of
obesogenic environments, identifying social, geographic, and economic risk areas, to support
targeted intervention initiatives for obesity prevention. Advanced machine learning algorithms, such
as RNNs, can capture complex nonlinear relationships between the various factors that contribute to
the onset of complex pathologies, allowing a better understanding of the mechanisms underlying
childhood obesity. In this regard, a study has identified some structural neurological characteristics
and biological mediators typical of obesity: using ML techniques, obese individuals were identified
from overweight individuals, using independent fecal metabolites and neuroimaging data,
incorporated into a neural network model reconstructed from structural and functional magnetic
resonance imaging (ANN) studies. By optimizing the data using SVM, the model also achieved an
accuracy of 90.25% in discriminating obese from severely obese patients. It was also possible to
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highlight structural differences in obese individuals in brain regions involved in reward circuits and
default network [23], already examined in another preclinical study that demonstrated an increase in
activity in overweight mice compared to lean mice[24]. Microbiome data were also analyzed in the
obese cohort compared to the non-obese cohort: several amino acid-derived metabolites emerged as
important in differentiating obese individuals [23]. A preclinical study has already demonstrated that
mice transplanted with the microbiomes of human twin pairs, with different BMls, showed
differences in body composition and a microbiota in obese mice with a predominance of branched-
chain amino acids [25]. Among amino acid derivatives, agmatine has demonstrated a
neuromodulatory role, thanks to its activity on serotonergic and glutaminergic neurotransmitters. It
is released as a compensatory and protective mechanism in response to stress and intestinal
inflammation and can interact with vagal afferents, constituting the crosstalk of the brain-gut axis in
obese and overweight patients[23].

Al has also proven effective in diagnosing psychopathological comorbidities of obesity: food
addiction poses significant challenges to obesity treatment, being often associated with higher BMI,
a higher rate of treatment dropout, and psychological distress related to guilt. A predictive
nomogram using Naive Bayes (ML) was tested to screen for food addiction, based on the Yale Food
Addiction Scale, a widely validated questionnaire for food addiction screening[23]. This tool, used
on an outpatient basis, can identify patients requiring more targeted psychological intervention,
reducing dropouts and maximizing therapeutic outcomes.

Al algorithms can predict the risk of obesity in normal-weight or overweight patients, thus
enabling primary prevention[26] and some advanced models can classify patients as low, medium or
high risk for certain outcomes[27]. Various studies have been conducted using ML and computer
programming techniques to predict the onset of obesity in cohorts of overweight patients, to predict
the onset of complications in obese patients, or to establish the role of biomarkers in the onset of
obesity or the role of environmental factors in individuals with a certain genetic background[28,29].
Various ML and DL techniques have been compared and the models with the highest diagnostic
accuracy are based on ANN, KNN, SVM, decision trees and random forests: these models have been
used on large datasets that include environmental, clinical and behavioral characteristics and they
are able to predict the risk of obesity and the onset of complications in high-risk groups[19,28]. The
study by Wang and colleagues used genetic variants identified by next-generation sequencing (NGS)
to predict obesity risk using machine learning models such as SVM, achieving good efficacy
(approximately 71% accuracy in risk classification)[30]. Advanced Al methods (CNN, RNN) can
integrate genomic variants, epigenomics, and environmental characteristics to generate a risk
classification, enabling the identification of high-risk subgroups. A ML model was proposed that
captures the complex multifactorial interactions underlying obesity, using genome, epigenome, diet,
and lifestyle data. The model achieved an accuracy of approximately 70%, identifying 21 SNPs, 230
DNA methylation sites (e.g., CPT1A, ABCGI1, SLC7A11, RNF145, SREBF1), and 26 dietary
components, such as processed meat, carbonated beverages, high-fat dairy products, and flavonoid
intake, as risk factors. This study demonstrates how multi-omics integration with artificial
intelligence can reveal patterns of interaction between biology and nutrition and enable obesity
prevention through nutrition, from a nutrigenomics perspective[26]. Several complex predictive
models, based on ML and DL techniques, have been created with the help of AL In 2015, Dugan and
colleagues used ML models to build a clinical dataset for a pediatric clinical decision support system
called CHICA (Child Health Improvement via Computer Automation). This system has proven
useful for identifying risk factors for obesity, such as early weight gain between one and two years
of age, and protective factors, such as Caucasian ethnicity[31]. In another study, Allen and colleagues
investigated the interaction effect of an obesogenic environment on the development of obesity in
adolescents, using 120 individual characteristics as predictors of each child's waist-to-height ratio.
The analysis revealed that children from less educated, single-parent families, or from more
disadvantaged and poorer areas had higher waist-to-height ratio z-scores. Furthermore, among these
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children, those who played less than 23 minutes of sports per week showed higher waist-to-height
ratio z-scores[32].

Another study used ML to predict obesity risk, building a model capable of planning meals to
encourage changes in eating habits[33]. Al methods such as random forests and logistic regression
have also proven useful for identifying predictive factors for complications associated with metabolic
syndrome, such as type 2 diabetes, cardiovascular disease, and cancer. Thanks to ML, new predictive
indicators have been identified, in addition to traditional diagnostic criteria, such as resting heart
rate, plasma C-reactive protein concentration, sex, age, lipidomics data, and SNPs[34]. Another
application of Al in the treatment of childhood obesity is provided by predictive models of
therapeutic response: it is possible to predict protein-protein interactions and therefore the efficacy
of drugs through ML techniques, allowing to overcome phase II clinical trials with a rapid and
economical method[35].

The use of technologies based on Al, such as smart movement games or smart devices with
applications that suggest healthy meals and physical exercise, generating advice based on data
collected from the patient, could significantly contribute to the therapeutic management of obesity in
children and adolescents[36]. According to the 2023 American Academy of Pediatrics (AAP)
guidelines, a targeted lifestyle intervention for at least 26 hours over a 3-12 month period in obese
children can lead to a reduction in BMI. This intervention should be multimodal, including dietary
changes, increased physical activity, and lifestyle improvements, to achieve maximum results in the
prevention and treatment of childhood obesity[37]. Al has enabled the creation of digital supports
for the treatment of childhood obesity, such as applications connected to smart devices
(smartwatches) or gaming platforms or digital coaches that provide personalized recommendations
for diet, physical activity and sleep hygiene[38]. Data can be shared with family or case managers to
monitor the progress of lifestyle changes. Reinforcement learning algorithms dynamically adapt
recommendations based on feedback from the user's behavior (e.g., a food diary), promoting
motivation and adherence. Integration with wearable sensors and monitoring devices supports
continuous assessment of physical activity and energy expenditure. This form of monitoring an obese
child's habits, both in terms of eating habits and physical activity, can improve both short- and long-
term weight management outcomes. Several platforms have been developed with the help of Al to
support obesity treatment, particularly lifestyle modification, which remains the primary treatment
strategy today, but is burdened by a high rate of failure or relapse after initial therapeutic success.
Examples include large language models (LLMs), such as ChatDiet, ChatGPT meal planner,
CHARLIE, GPT4 exercise planner, and Paola; SlimME: these models generate interactive responses,
providing empathetic support similar to a human life coach; however, these models are limited by
the risk of providing false information and failing to interpret input other than text. Another example
is provided by so-called Digital Treatments (DTx), such as Omada health, Liva healthcare, and
multimodal intervention apps: software used for therapeutic purposes, created for long-term
behavioral interventions, limited by the subject's digital capabilities and, above all, by the individual's
motivation to use the software on a daily basis. Several articles regarding DT, the results of which
have been summarized in the review by Lee et al, have been published to demonstrate the
effectiveness of these tools in making obese patients lose weight[19]. Another useful resource is
"active video games" or "exergames," movement games that integrate movement into children's daily
lives, promoting healthier lifestyle choices in an engaging way. Several reviews of game-based
interventions have demonstrated their effectiveness in improving nutritional knowledge, eating
habits, and body composition, and in reducing body weight in overweight children[36]. The recent
development of the so-called "Internet of Things" (IOT), a network of smart devices that collect and
exchange information from sensors, has made it possible to increase the monitoring of the eating
habits and lifestyle of overweight and obese patients[39]. These devices are able to analyze food and
physical activity choices and generate personalized recommendations[40]. An example of a model
that uses the IoT in the monitoring and treatment of childhood obesity is represented by the ETIOBE
system, an intelligent platform that integrates data from monitoring sensors (electronic vest to
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monitor physical activity, pulse oximeter for sleep monitoring, a blood pressure monitoring belt),
data entered by the patient regarding diet, directives entered by the clinician[41]. This represents one
of the most valid approaches for the treatment of obesity, also allowing the clinician to remotely
monitor therapeutic success.

3.1 Algorithms for the Diagnosis and Management of T2DM and MASLD

Various Al techniques have been applied for the diagnosis and risk stratification of
complications in obese patients. In particular, this section focuses on the use of Al for the early
diagnosis and the formulation of predictive models for the risk of T2DM 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 decision trees, random forests, 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; to build predictive prognosis models and personalize treatment in diabetic patients; 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, achieve autonomous patient management through
monitoring devices that use Al software, sensors and telemedicine[42].

Several studies have identified the risk factors most associated with the onset of T2DM in obese
patients: they are summarized in the Table 1 below.

Table 1. ML and DL techniques used to create risk prediction models of DMT2 and its complications, investigate

microscopic alterations and personalize treatment in obese patients.

Articles Al techniques?! Results

Ellahham et al, 2020

Sun et al, 2025

Nomura et al., 2021

Cardozo et al., 2022

Yang et al., 2025

Lietal., 2025

Anjana et al., 2020

SVM, ANN, NB, DT, RF,
classification and
regression trees, KNN

LR

LR, RF, GB

KNN, SVM, NB, RF, ANN

SVM

RF showed best accuracy
among other techniques

K-means clustering

stratify the risk of diabetes
and identify patients with
diabetes and controls
Predict DMT?2 risk from
BM]I, dietary habits, blood
pressure
prediction of new-onset
diabetes
DMT?2 risk score based on
laboratory tests
Early diagnosis of DMT2
in obese children, based on
BMLI, creatinine,
prealbumin, glucose (180
min), glycosylated
hemoglobin Alc,
thyrotropin, total
thyroxine (T4), and free T4
concentrations
Early prediction of
diabetic nephropathy in
DMT?2 patients
Clusterization and clinical
phenotyping of patients
with DMT?2
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Investigating pancreatic
Xie et al., 2025 XGBoost cell dysregulation in
DMT?2 patients
Predicting glycemic
Zeevi et al., 2025 GB response personalized
nutrition to control

glycemic response

Using a machine learning 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[43]. The review by Nomura et al. reports articles demonstrating that
using models based on gradient boosting, random forests and logistic regression it is possible to
predict the onset of T2DM up to 5 years before the onset[44]. Techniques such as ANN applied to a
database of biochemical data have been found to be effective in identifying patients with prediabetes
and T2DM[45]. Models using decision trees and random forests have proven effective in terms of
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 less than 6 hours
of sleep a night, high sodium intake, psychological stress, exposure to environmental pollutants, and
living in urbanized areas[46]. 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 cells produced in response to endoplasmic
reticulum stress, modification of acinar cells towards an inflammatory pattern and of ductal cells
towards a secretory pattern[47]. A new study by Yang et al. produced a machine learning model to
predict the onset of T2DM in obese children: 292 children with obesity and T2DM were enrolled and
their characteristics were studied. Eight machine learning 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 minutes after an oral
glucose load[48].

ML is effective in producing predictive models of risk of developing complications in obese
patients with T2DM][49]. Already in 2018, Ahlqvist and colleagues had applied k-means and
hierarchical clustering to reclassify adults with new-onset diabetes into subgroups based on clinical
and biochemical characteristics, comparing the groups using logistic regression 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 nephropathy[50]. Another k-means-based model was used in
a cohort of 19,084 individuals with T2DM, classified into 4 groups based on clinical variables (age at
diagnosis, BMI, glycosylated hemoglobin, HDL cholesterol, C-peptide, waist circumference),
identifying a group with early-onset T2DM, with poor glycemic control and high risk of nephropathy
and retinopathy[51].

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[52,53]. 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 approach. The researchers adopted a gradient-
boosting 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[54].
Similar results were obtained in two other similar studies on a population of American adults[55,56].
In the therapeutic management of T2DM, a platform (AdvisorPro) has been created that integrates
data from continuous monitoring sensors with self-monitoring of blood glucose levels to suggest
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insulin dose adjustments, with results no lower than those proposed by the clinician. Another
software program (Guardian) allows for the prediction of hypoglycemia in diabetic patients up to 30
minutes in advance, allowing for better glycemic control and fewer adverse events[44].

Al has significantly contributed to many aspects of MASLD management and has contributed
to new understanding of the complex pathophysiology of this disease. Table 2 summarizes the

contribution of Al in this field.

Table 2. ML and DL techniques used to create risk prediction models of MASLD and its complications.

Articles Al techniques! Results
CNN, Al- based texture MA.SLD diagnosis and
Lou et al., 2025 . staging from ultrasound,
analysis .
CT and histology
Identifying MASLD-
related genes and
lipidomic biomarkers,
DT, RF, SVM, XGBoost, , . .
Yang et al., 2026 non-invasive screening
neural networks .
technologies and
predicting the risk of
disease progression
. ) . Integrating metabolomic
RF, multinomial logistic ) .
reeression analvses and transcriptomic data to
Jietal., 2022 recurgs;ive artition}i,n ;m d find new biomarkers of
re ressiorrl) tree al or?ijthm MASLD; early diagnosis of
8 8 MASH
Predicting MASLD risk in
Noureddin et al., 2022 LR population based on male

Razmpour et al., 2023

Huang et al., 2023

Qin et al., 2023

Sorino et al., 2020
Ryou et al., 2021

Das et al., 2021

Graffy et al., 2019

Vanderbeck et al., 2021

Heinemann et al., 2019

Zhang et al., 2025

RF showed best accuracy
among other techniques

LR

SVM

SVM
CNN

ML model comprising
SVM, Neural Net and
XGBoost algorithms

CNN

SVM

CNN
XGBoost showed best
accuracy among other

techniques

sex, hemoglobin Alc, age,
and body mass index
MASLD screening and
early diagnosis from
anthropometric data
Prediction on MASLD 5
years before outset
MASLD early diagnosis
from physical examination
and laboratory tests
MASLD early diagnosis
MASLD diagnosis from
ultrasound

MASLD diagnosis from
ultrasound

Automated CT-based liver
fat quantification tool
Identifying histological
features of steatosis,
ballooning, inflammation,
fibrosis, etc.

Early diagnosis of MASH

Early diagnosis of MASLD
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Li et al., 2026

Zhou et al., 2025

Wang et al., 2025

Lietal., 2025

Tavaglione et al., 2024

Verma et al., 2024

Gil-Rojas et al., 2024

Shibata et al., 2024

Zhan et al., 2025

Luetal, 2026

LR

RF, GB

LR, RF, DT, SVM,
XGBoost, Light GBM

RF, LASSO regression

ANN

RF

XGBoost

CART

LR

RF, LR, SVM, XGBoost,
Adaptive Boosting

Predicting MASLD using
body roundness index
(BRI) and the triglyceride-
glucose (TyG) index
MASLD early diagnosis
based on clinical scores
Development of a
proteomic risk score
(ProScore) to improve
MASLD diagnostic
accuracy
Predictive score for
MASLD based on clinical
and biochemical features
MASLD risk based on
lipidome
Early detection of fibrosis
in MASLD patients
Early diagnosis of
hepatocellular carcinoma
in MASLD
Cardiovascular risk in
MASLD patients
non-invasive biomarkers
for the early diagnosis of
obesity-related MASLD
Predictive score of fibrosis
based on lipidome

Identifying microbiota
species in MASLD obese
patients
Identifying highly specific

Zoggeler et al., 2025 XGBoost, RF

Nychas et al., 2025 RF microbiota signature in

MASLD patients

Thanks to ML, advances have been made in screening, long-term prognosis, treatment, and
monitoring of MASLD[57]. ML techniques can analyze the transcriptome and genes implicated in the
pathophysiology of MASLD, identifying new genes and biomarkers associated with it, such as
AXUD1, FOSB, GADD45B, and SOCS2. Metabolomics and 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). It is also possible to study the role of exposure
to environmental 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]. Several studies have been published on the
use of ML and DL in this sense: ML-based models, especially random forests and SVM, have been
validated and proven effective in predicting the onset of MASLD based on clinical and/or
demographic characteristics of obese patients[59-64]. DL-based models, such as CNN, have been
shown to be useful in detecting hepatic steatosis on ultrasound images[65,66], in quantifying hepatic
steatosis from computed tomography images[67], in identifying microscopic features typical of
MASLD from histological images[68-71]. In the study by Heinemann et al,, a CNN-based model
created a predictive score for steatosis, inflammation, and fibrosis from biopsy images[72]. A model
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using CNN has been shown to be able to recognize stages of fibrosis from elastography 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[73].

Several studies have reported ML-based models able to predict the onset of MASLD: 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[74]. 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[75], while another working group realized a visceral adiposity index as a
predictor of MASLD through random forests and XGBoost[76]. 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 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[77]. Wang et al. study 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 6 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[78]. 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[79]. Another ML-based model highlighted BMI and triglycerides as independent
predictors of steatosis and progression to MASH[80]. 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[81]. Through ML it
is possible to identify negative prognostic factors in patients with MASLD, including the risk of
developing hepatocellular carcinoma[82]. A model called CART was also created to identify subjects
with MASLD at high cardiovascular risk[83].

Al has also improved our understanding of the pathogenesis of MASLD in obese patients
through the study of lipidomics, transcriptome, metabolomics, and the intestinal microbiota of obese
patients with MASLD. The cellular alteration of liver cells with MASLD was studied using four ML
algorithms[84]. Biomarkers were detected using ML algorithms, such as tryptophan derivatives,
metabolites elevated in obese patients with MASLD, which induce steatosis and oxidative stress[85].
Another ML algorithm analyzes the predictive value of the lipidome: it identified diradylglycerol
34:1 and triradylglycerol 52:3 as biomarkers of fibrosis[86]. 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 was found. Using XGBoost-based
models and random forests, 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[87]. 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[88]. 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 thin, 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 metabolism. Specific metabolites derived from the microbiota have also been
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identified in patients with MASLD, which could participate in the brain-gut cross-talk and in the

pathogenesis of the disease[89].

3.2. Figures

Machine Learning

CV, CNN

Supervised

Classification \

_— Deep Learning

Regression

_| Reinforced

random forests, ANN,

clustering

/ / \ Clustering Reducing data
SVM, / ) ' l dimension
f e / linear regression,
-nez / T : .
. .. / logistic regression k-means, 2
neighbors \\ // & & N ‘
v hierarchical PCA

decision trees

Figure 1. ML and DL algorithms applicable to the healthcare.

4. Discussion

Childhood obesity represents a therapeutic challenge for the clinician and the frequent drop out
also makes early management of complications difficult: sometimes the child or adolescent is sent to
the childhood obesity expert only when the complications are already present, when it is difficult to
reverse metabolic effects. Childhood obesity is a complex and multifactorial disease and thanks to
Al, through GWAS[15,30], studies about epigenome[5], metabolomics[84], transcriptome[78],
microbiome[23,25,54], it has been possible to broaden the spectrum of factors predisposing to the
onset of obesity in childhood. Thanks to ML, metabolites, intestinal bacteria, neurotransmitters and
brain regions[23] 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 to an increase in BMI[3,4]. It is also possible to integrate ecological and
demographic data[22,32], 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, DMT2, MASLD, all united by
metainflammation and by insulin resistance[11]. It is known that the probability of developing these
complications depends on the duration of obesity, however several studies have demonstrated a
genetic and epigenetic susceptibility underlying this risk [26,28,29]. Al helps clinicians in the early
diagnosis of such complications, as in the case of CV (DL technique) in retinal screening to identify
diabetic retinopathy[42] or CNN (also a DL technique), which identifies steatosis and fibrosis from
ultrasound images and elastography[72,73], in the latter case with a better performance than the FIB-
4 score. Several scores and predictive risk models have been formulated using ML algorithms: among
these, the most accurate (>90%) have proven to be models based on SVM and random forests[58] .
Examples are the ProScore, based on proteomics, which, based on the presence of circulating
inflammatory proteins, establishes a risk of developing MASLD in obese children[79]; or the model
by Yang et al. based on SVM which, based on clinical and biochemical characteristics, identifies a risk
of developing T2DM in obese children[48]. Another useful application of AI in the therapeutic
management of obesity is represented by the ETIOBE platform, which integrates data entered by the
patient on meals consumed and physical activity with data provided by motion sensors and vital
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signs sensors, such as saturation and blood pressure, allowing for the active monitoring of lifestyle
changes and the clinical conditions of the obese patient[41]. Al also allows for the formulation of
personalized dietary plans based on the patient's characteristics, with a view to precision nutrition,
opening up the possibility in the future of personalization based on deep phenotyping, i.e. the set of
genetic, clinical and biochemical characteristics of the obese patient [21,26].

However, some controversial aspects of the use of Al remain to be highlighted. Al is possible
thanks to the use of large databases. To enable data scientists and engineers to work, data collection,
storage, integration, and maintenance are required, which entails significant costs. Furthermore,
highly heterogeneous data must be validated by expert clinicians and standardized to be
understandable by data scientists[26]. Furthermore, the use of Al raises fundamental ethical
questions: Al systems require access to sensitive patient data, with risks of breaches and issues with
informed consent; Al could widen social inequalities, both due to the gap in access to technology and
the digital illiteracy affecting a large portion of the population; it is difficult to understand the reasons
behind the results produced by Al, given the complexity of the technology; furthermore, the question
of who is legally responsible for the errors made by Al algorithms remains unresolved. Another
aspect to consider is that the effectiveness of software for monitoring and recommending targeted
meals and exercise depends heavily on individual motivation. Without direct supervision, adherence
is variable and significantly impacts the results. Finally, research is still in its early stages: large-scale,
long-term clinical studies on diverse populations are lacking, as are economic evaluations that justify
universal adoption [20,26,29].

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—
clinical, biochemical, social, behavioral, ecological, genetic, epigenetic, radiological, and
histological —it is possible to develop a unique profile for each patient. This phenotyping allows for
the establishment of a personalized risk of progression to complications and therefore for targeted
interventions tailored to the patient's clinical phenotype. This strategy represents an example of
precision medicine. Al-based software can also optimize lifestyle interventions and offer intelligent
monitoring of complications, also promoting greater patient awareness. However, several ethical and
practical challenges remain: the accessibility and interpretation of these technologies, the
management of large and complex databases, and the supervision of the results provided by expert
personnel. Al represents the inevitable future of healthcare, but it is essential to outline a safety profile
for large-scale application.
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Abbreviations

The following abbreviations are used in this manuscript:

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
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COVID-19 Coronavirus Disease 2019

GWAS Genome Wide Association Studies
PYY Peptide YY

GLP-1 Glucagon-Like Peptide-1

OXM Oxintomodulin

CCK Cholecystokinin

GIP Gastric Inhibitory Polypeptide

rr 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

CNN Convolutional Neural Networks
RNN 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

DT Decision Trees

RF Random Forests

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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