Heliyon 11 (2025) e41516

Contents lists available at ScienceDirect

52 CelPress Heliyon

journal homepage: www.cell.com/heliyon

Research article

Functional gastrointestinal disorders predictors in neonates and
toddlers: A machine learning approach to risk assessment

Flavia Indrio ™, Elio Masciari ", Flavia Marchese ¢, Matteo Rinaldi,
Gianfranco Maffei , Ilaria Gangai ©, Assunta Grillo ©, Roberta De Benedetto ©,
Enea Vincenzo Napolitano ”, Isadora Beghetti ©, Luigi Corvaglia ®*,

Antonio Di Mauro ®, Arianna Aceti ©

 Department of Experimental Medicine School of Medicine University of Salento, Lecce, Italy

® Dipartimento di Ingegneria Elettrica e delle Tecnologie dell’Informazione, University Federico II, Naples, Italy
¢ Department of Medical and Surgical Science Pediatric Section, University of Foggia, 71100, Foggia, Italy

d Department of Neonatology and NICU, Ospedali Riuniti Foggia, Viale Pinto 1, 71122, Foggia, Italy

€ Department of Medical and Surgical Sciences, University of Bologna, Bologna, Italy

f Neonatal Intensive Care Unit, IRCCS AOUBO, Bologna, Italy

8 Pediatric Primary Care, National Pediatric Health Care System, ASL BA, BARI, Italy

ARTICLE INFO ABSTRACT
Keywords: Background: Functional Gastrointestinal Disorders (FGIDs) can pose a great burden on affected
Functional gastrointestinal disorders children, their families, and the healthcare system. Due to the lack of knowledge about the precise

Neonatal risk prediction

pathophysiology of FGIDs, a proper identification of children at risk to develop FGIDs has never
Artificial intelligence

been attempted. The research aims to identify early-life risk factors for FGIDs such as infantile
colic, regurgitation, and functional constipation, within the first year of life.

Methods: This prospective observational cohort study enrolled both term and preterm infants from
a tertiary care university hospital between January 1, 2020, and December 31, 2022. The study
employed both traditional statistical methods and artificial intelligence (AI) techniques, specif-
ically a random forest classification model, to identify key risk factors associated with the
development of FGIDs. Based on these findings, an Al-based predictive model will be developed,
along with a user-friendly, web-based interface designed for practical risk assessment.

Results: 6060 infants were enrolled. 8.1 % were born preterm. According to random forest clas-
sification model by Al, birth weight (BW), cord blood pH, and maternal age were the most
relevant variables linked to development of FGIDs in the first year of life. Some discrepancies
between potential risk factors identified through conventional statistics and AI were detected.
Conclusion: For the first time machine learning allowed to identify BW, cord blood pH and
maternal age as important variable for risk prediction of FGIDs in the first year of life. This
practical risk assessment tool would help clinicians to identify infants at risk of FGIDs who would
benefit from a tailored preventive approach.
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1. Introduction
1.1. Background

Functional Gastrointestinal Disorders (FGIDs) are characterized by chronic or recurrent gastrointestinal (GI) symptoms that cannot
be attributed to biochemical or structural abnormalities of the GI tract [1]. Despite the lack of an organic cause, FGIDs can significantly
impact the well-being of affected children, their families, and the healthcare system [2]. These disorders can manifest in both neonates
and older children, with diagnoses and classifications made according to the Rome IV symptom-based criteria [3]. FGIDs in infants,
such as infant colic, regurgitation, functional diarrhea, and functional constipation, are prevalent worldwide, although the reported
prevalence rates vary widely. Studies suggest that approximately 50 % of infants experience FGIDs, including regurgitation, colic, and
constipation, during their first year of life [4-8].

The pathophysiology of FGIDs remains poorly understood [9,10]. Various factors have been implicated, including genetic pre-
dispositions, psychosocial influences, abnormal intestinal motility, visceral hyperalgesia, gut inflammation, disrupted
microbiota-gut-brain interactions, and early life stress or trauma [11]. Early life events, such as mode of delivery, feeding practices,
gestational age (GA), and early antibiotic exposure, have been proposed as potential contributors to the risk of FGIDs in infants
[12-15]. However, due to the incomplete understanding of FGIDs’ precise pathophysiology, effective identification of at-risk children
has not been systematically attempted.

Recently, artificial intelligence (AI) methods have emerged as transformative tools in biomedical research and healthcare, offering
significant potential, particularly in pediatric healthcare, where early detection and intervention can substantially influence long-term
health outcomes [16,17]. Furthermore, Al techniques can be employed to demonstrate the feasibility of novel data-driven approaches
to analysis, moving beyond traditional rule-based paradigms in medicine.

1.2. Objectives

The primary objective of our study was to identify early-life risk factors associated with the development of FGIDs (infantile colic,
regurgitation, functional constipation) during the first year of life, within a large, population-based cohort, highlighting potential
differences between conventional statistics and Al-based methods. The secondary aim was to develop an Al-based predictive model
and a practical risk assessment tool to assist clinicians in identifying infants at high risk for FGIDs who might benefit from targeted
preventive strategies.
2. Methods
2.1. Data

This prospective, observational cohort study was conducted from January 1st, 2020, to December 31st, 2023, at the Obstetric and

Infants born at Ospedali Riuniti Foggia, Italy
2020: n = 1834
2021: n»1922
2022: n= 2423

Totn=6179

Excluded infants (severe clinical
condition, inherited metabolic
# disorders, congenital anomalies,
death during hospitalization

n=119

Enrolled infants

n = 6060

Fig. 1. Flow chart of the patients’ enrollment.
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Neonatal Unit of the “Ospedale Riuniti” in Foggia, Italy. The study adhered to institutional requirements for data protection, and
written informed consent was obtained from the legal representatives of participating infants. The study protocol was approved by the
Institutional Review Board and the study was conducted in accordance with the principles of the Declaration of Helsinki.

2.2. Participants

Term and preterm infants were eligible for inclusion in the study. Exclusion criteria included severe clinical conditions, major
neonatal complications such as inherited metabolic disorders, congenital anomalies, and neonatal deaths during hospitalization.
Newborns meeting the inclusion criteria were consecutively recruited within the first days of life. A flowchart detailing patient
enrollment is presented in Fig. 1.

2.3. Data preparation

Data on potential perinatal risk factors for FGIDs, such as gestational age (GA), birth weight (BW), sex, mode of delivery, Apgar
score, venous cord blood pH, maternal demographic characteristics, admission to the Neonatal Intensive Care Unit (NICU), antibiotic
administration, and feeding practices at discharge, were collected from hospital records and follow-up visits. Feeding at discharge was
classified as exclusive breastfeeding or non-exclusive breastfeeding (including exclusive formula feeding and mixed feeding). FGIDs
were diagnosed and classified according to Rome IV criteria [3] and assessed by a trained pediatrician during follow-up visits in the
first year of life. Additionally, information on family history of allergic disease and parental smoking was obtained from the parents at
discharge and at subsequent visits at 3, 6, and 12 months of age.

2.4. Outcome

The primary outcome was to explore associations between FGID development (infantile colic, regurgitation, functional con-
stipation) and perinatal/neonatal characteristics, utilizing both traditional statistical approaches and machine learning (ML) tech-
niques. The secondary outcome was to develop an Al-based predictive model and a practical risk assessment tool to aid clinicians in
identifying infants at risk for FGIDs.

Children born between
January 2020 and
December 2022

\

Data
Preprocessing

\i

Divided into
training set and
test set

;

Feature Selection

Training set (n = 4.242) Test set (n = 1.818)

A
\

\
Compare five

Estabilish a Best Model classification models
. : «—
(Random Forest) 1 and validate in the test
set

\

Feature Ranking

Fig. 2. Flow of machine learning model development Operations and Ranking of variables by importance.
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2.5. Data analysis

Potential associations between each FGID and perinatal characteristics were first analyzed using conventional statistics and Al
methods. Subsequently, an Al-based predictive model and practical risk assessment tools were developed for each FGID.

2.6. Conventional statistical analyses

Statistical analyses were performed using IBM SPSS Statistics 28.0 (IBM Corp., Armonk, NY, USA). Differences between infants
developing or non-developing each FGID were evaluated using the independent sample t-test or the Mann-Whitney test for continuous
variables, and the chi-squared test for categorical data. For each FGID, variables that proved to be significantly different among groups
were included as independent variables into three different regression models (one for each FGID). A p value < 0.05 was considered as
statistically significant.

2.7. Machine learning process

A ML process was implemented to analyze the dataset (Fig. 2). An accurate pre-processing was first performed to obtain a dataset
suitable for ML analysis. Once a cleaned dataset was obtained, it was divided into a training set (70 %) and a test set (30 %) to ensure
the representativeness of the data. The composition of the training and test sets was determined based on the balance of cases for each
condition (colic, regurgitation and constipation) to maintain statistical representativeness and reliability of the results.

Feature selection identified the most important variables for outcome prediction. Finally, a classification model based on Random
Forest was chosen due to its superior performance in handling non-linear data and its robustness to unbalanced data sets. This decision
was further supported by the ease of interpreting the importance of features in Random Forest, which was in line with the practical
goals of the study.

2.8. Data preprocessing

During data preparation, a rigorous data cleaning process was undertaken to ensure data integrity and usability. Characteristics
with missing rates greater than 30 % were excluded. Missing values for continuous variables were replaced with the mean value, while
missing values for discrete variables were replaced with zero. Instances with missing classification variables were removed from the
dataset. Continuous variables were standardized using a standard scaler, and categorical variables were transformed using one-hot
encoding.

2.9. Data selection

To ensure model robustness and validity, an initial correlation analysis was conducted. Following data preparation, variables were
selected for inclusion in the model. Selected variables included BW, term/preterm birth, mode of delivery (vaginal vs. cesarean), NICU
admission, sex, twin-birth, maternal age, parity, 5 Apgar score, feeding at discharge (exclusive vs. non-exclusive breastfeeding),
maternal smoking, and paternal smoking.

2.10. Risk prediction model development

Several classification models, including logistic regression, support vector machine, decision tree classifier, extra tree classifier, and
random forest classifier, were used to explore the relationships between variables when classifying the three target conditions: colic,
constipation, and regurgitation [18]. Random Forest outperformed the others due to its ability to effectively manage tabular data,
handle non-linear variables, and provide robust results with unbalanced datasets. Furthermore, the model’s inherent method of
calculating feature importance based on impurity reduction made the results easily interpretable. Following feature selection with
Random Forest, the risk prediction model was implemented.

Logistic regression was chosen due to the binary nature of the target variables (presence or absence of a disorder) [19]. However,
the unbalanced nature of the dataset posed a challenge, which was addressed using both oversampling and under-sampling techniques.
Multiple models were tested with different configurations, ultimately identifying BW, maternal age, and pH as the key predictor
variables. Depending on the configuration, additional variables such as sex, mode of delivery, or the 5° Apgar score were included as
additional predictors.

The mathematical foundation of the models is represented by the logistic regression equation:

p(x) = 1/(1+e"(-(B_0+P_1 x_1+B_2 x 2+p_3 x_3)))

where x_1,x 2, [ and x] _3 represent BW, maternal age, and pH respectively, and f coefficients represent the intercept and slope
coefficients for each variable. These coefficients quantify the relationship between each predictor and the likelihood of disorder
occurrence.
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3. Results
3.1. Participants

A total of 6060 infants were enrolled in the study (52.3 % male; 6.0 % twins). Of these, 488 infants (8.1 %) were born preterm. Most
infants (60.8 %) were born through vaginal delivery. Mean Apgar score at 5 min was 8.9 (SD 0.4; range 3-10), and the mean venous
cord blood pH was 7.32 (SD 0.08, range 6.86-7.55).

Within the study population, the incidence of colic was 27.3 %, regurgitation 18.7 %, and constipation 10.2 %. Specifically, the
incidence of colic, regurgitation, and constipation was higher among preterm infants compared to term infants (38.1 % vs 25.8 %; 35.8
% vs 17.2 %; 21.6 % vs 9.2 %; p < 0.001). Demographic characteristics and clinical data for term and preterm subgroups are presented
in Table 1, while clinical characteristics are reported in Table 2.

The univariate analysis identified several significant neonatal factors potentially associated with the development of colic,
regurgitation and constipation.

Variables which proved to be significant at the univariate analysis were included as independent variables into three different
regression models (one for each FGID), whose results are detailed below.

As for colic, potential independent risk factors identified by conventional statistics were being born from a nulliparous mother (p =
0.012), paternal smoking (p < 0.001), a low venous cord blood pH (p < 0.001), NICU admission at birth (p < 0.001), and the use of any
formula feeding at hospital discharge (p = 0.012).

As for regurgitation, potential independent risk factors were being born from a nulliparous mother (p = 0.008), maternal smoking
(p < 0.001), twin status (p = 0.016), a low venous cord blood pH (p < 0.001), NICU admission at birth (p < 0.001), and the use of any
formula feeding at hospital discharge (p < 0.001).

As for constipation, potential independent risk factors were maternal smoking, a low venous cord blood pH, NICU admission at
birth, and the use of any formula feeding at hospital discharge (p < 0.001 for all potential risk factors).

It is important to note that statistical significance does not necessarily imply that these variables are essential for prediction. The
predictive utility of these factors may depend on the context and can vary when using advanced methods like ML. ML approaches are
expected to consider additional variables and complex interactions to improve prediction accuracy and reliability.

3.2. Machine learning for risk prediction

The correlation matrix revealed no collinear variables with the target variables, though some variables showed moderately strong
positive or negative correlations with each other, such as maternal age with parity, and the 5° Apgar score with BW. Conversely, NICU
admission was negatively correlated with BW and term birth (Fig. 3).

The statistical analysis was conducted primarily to validate the robustness and diversity of insights obtained through the appli-
cation of Al This complementary approach highlights the advantages of using Al for more comprehensive and nuanced predictions.

The Random Forest classifier results highlighted BW, cord blood pH, and maternal age as the most critical variables in classifying all
three target conditions. These variables provide important insights into the health status of the infant and are influential in deter-
mining the likelihood of developing colic, constipation, and regurgitation (Fig. 4).

3.3. Risk prediction model

The models demonstrated comparable accuracy across different configurations; however, the model with the fewest variables was
the most efficient. Consequently, BW, maternal age, and pH were selected as the core predictor variables.

Given the unbalanced nature of the dataset, a weighted average f1-score was employed for model evaluation. Among the models
tested, the Random Forest classifier achieved the highest weighted average f1-score (0.74), precision (0.79), and recall (0.72). This
model, therefore, outperformed other models and was implemented as the final risk prediction model.

3.4. Colic risk prediction model

The logistic regression model for predicting colic showed an intercept of —0.0068 and coefficients for birth weight (BW), maternal
age, and cord blood pH of —0.0312, —0.02997, and —0.2147, respectively. The negative coefficients indicate that as these variables

Table 1

Demographic characteristics.
Variables Term (n = 5572) Preterm (n = 488)
Gestational age, days, mean (SD) 39 (1.1) 34.6 (2.1)
Birth wight, g, mean (SD) 3286 (421.7) 2368.4 (581)
Male, n (%) 2776 (49.8) 258 (51.8)
Twins, n (%) 291 (5.2) 50 (10.2)
Vaginal birth, n (%) 3124 (56.1) 96 (19.7)
Apgar Score 5, median (IQR) 9 (0) 9 (1)
Cord blood pH, mean (SD) 7.32 (0.08) 7.32 (0.08)
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Table 2

Clinical data.
Variables Term (n = 5572) Preterm (n = 488)
NICU admission, n (%) 216 (3.9) 303 (63.1)
Exclusive breastfeeding at discharge, n (%) 2695 (48.4) 173 (35.5)
Maternal age at delivery, years, mean (SD) 31.6 (5.7) 32.1 (6.5)
Multiparity, n (%) 2910 (52.2) 179 (36.7)
Maternal smoking, n (%) 739 (13.3) 99 (22.3)
Paternal smoking, n (%) 1345 (24.1) 141 (28.9)
Colic, n (%) 1437 (25.8) 186 (38.1)
Regurgitation, n (%) 939 (17.2) 171 (35.8)
Constipation, n (%) 502 (9.2) 103 (21.6)

Correlogram

-10
BW -

Term_Preterm

-0.8

\ICU admission

Twin-birth

Maternal age

Parity

regurgitation

constipation

colic

'
4
°
o

Term_Preterm
NICU admission
Sex

Twin-birth
Maternal age
Parity

AS S5
regurgitation
constipation

Fig. 3. Correlation Matrix showing the correlation between any pair of variables.

increase, the likelihood of colic decreases, suggesting they may protect against colic. However, the small coefficients for BW and
maternal age suggest that their individual impact on colic risk may be limited, despite statistical significance. Clinicians should note
that cord blood pH may be a more influential factor in assessing colic risk due to its higher coefficient.

3.5. Regurgitation risk prediction model

In the model predicting regurgitation, the intercept was —0.0313, with coefficients for BW at —0.1941, maternal age at —0.0890,
and cord blood pH at —0.1891. The larger negative coefficients compared to the colic model suggest a stronger inverse relationship
with regurgitation risk. BW and pH were the most significant predictors, indicating that higher values in these factors may reduce the
likelihood of regurgitation.
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Fig. 4. Dichotomous variables state the presence of a given characteristic (‘1’ value) or its absence (‘0’ value). For Sex and Delivery, there is a
different encoding: i.e., value 1 represents male sex and vaginal delivery, respectively, while value 2 represent female sex and caesarean delivery.
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3.6. Constipation risk prediction model

The model for constipation had an intercept of —0.0201 and coefficients for BW, maternal age, and cord blood pH of —0.1397,
—0.0179, and —0.1663, respectively. BW and pH were significant predictors, both negatively associated with constipation risk. The
small negative coefficient for maternal age suggests a weaker association with constipation compared to BW and cord blood pH. The
substantial negative relationship with pH, consistent across models, suggests that cord blood pH could be an important predictor of
gastrointestinal health in neonates.

3.7. Development of a risk prediction tool

Based on the predictive model, a practical risk assessment tool was developed to assist clinicians in identifying infants at high risk of
developing FGIDs. The tool’s design is user-friendly, providing a simple interface where clinicians can input key variables (BW,
maternal age, pH) to obtain a risk score for colic, regurgitation, or constipation (Fig. 5).

4. Discussion

Interpretation In our study, for the first time in the literature, we identified several risk factors for the development of FGIDs in
infants and toddlers using two different methodological approaches: conventional statistics and ML converged in identifying some
potential risk factors, while diverged for other variables. Additionally, we developed a ML predictive model (FRIP) for the early
diagnosis of FGIDs in children. Healthcare practitioners can input patient data into designated fields, and the interface processes this
information through logistic regression models. The output is a set of risk coefficients, each corresponding to one of the three con-
ditions, representing the likelihood of a patient developing a particular condition. This assists healthcare providers in making informed
decisions about diagnosis, prevention, and treatment strategies.

The prediction score results indicate the probability (as a percentage) of the occurrence of one of the three disorders. Notably,
instead of providing exact values for each risk factor, the result is generated by an equation that integrates all the factors. Traditional
statistics evaluate the significance of each observed variable in relation to a disease. In this study, we utilized Al tools for feature
selection to identify the minimum number of variables required for accurate prediction, evaluating their combined influence on overall
disease occurrence (e.g., colic). Specifically, we found that only three variables are needed to reliably predict the risk score, and these
variables can thus be considered risk factors. According to our dataset, birth weight emerged as the main risk factor based on statistical
analysis, while the trained AI model identified cord blood pH and maternal age as important variables for risk prediction.

Accurate identification of early life events is crucial for identifying children at risk of developing FGIDs, enabling timely inter-
vention and improving the quality of life for both children and their families. However, the absence of a universally accepted gold
standard often leads to overestimation or underestimation of potential early-life risk factors.

In our study population, the incidence of colic was 27.3 %, regurgitation 18.7 %, and constipation 10.2 %. In the preterm infant
subgroup, the incidence was significantly higher at 38.1 %, 35.8 %, and 21.6 %, respectively, compared to term infants. The incidence
of FGIDs has been reported with wide variability across different studies [4,5,20,21]. This variability can be attributed to differences in
diagnostic criteria and poor population stratification.

For instance, a cross-sectional Brazilian study evaluating FGIDs in the first two years of life found no significant difference between
preterm and term infants [13].

However, a separate study from Tiirkiye reported a higher prevalence of regurgitation, infantile colic, and dyschezia in preterm
infants during the first 12 months compared to term infants [14].

The perinatal period, during which the brain-gut-microbiota axis matures, is critical as various determinants during this time can
have significant long-term consequences. Preterm infants are at high risk of both gastrointestinal and brain maturation impairments
due to intrinsic immaturity and their unique developmental environment, including impaired gut microbiota assembly [22,23]. These
factors likely contribute to the development of FGIDs [24].

Our results indicate that low venous cord blood pH is a risk factor for FGIDs, confirming previous findings [25]. Umbilical cord pH
serves as a marker of neonatal metabolic and oxygenation status at birth, with low pH levels (acidosis) indicating potential fetal
distress. While the link between neonatal acidemia and neurological problems is well established, there is limited information on the
impact of low venous cord blood pH on gastrointestinal diseases [26]. We speculate that this condition may disrupt gastrointestinal
development, alter gut microbiota, and affect the enteric nervous system, increasing the risk of FGIDs. Hypoxia—ischemia and
reperfusion in the brain are known to trigger harmful events leading to neuronal death, while in the gastrointestinal tract, hypoxia
increases TLR4 expression in the intestinal mucosa, causing an imbalance between pro-inflammatory and anti-inflammatory signals,
thereby increasing mucosal susceptibility to harmful stimuli [27,28]. These findings suggest that increased monitoring of infants with
low venous cord blood pH at birth could be beneficial, potentially allowing for early detection of an increased risk of FGIDs during the
first year of life.

Finally, maternal age further contributes to this risk, as younger mothers may face higher rates of pregnancy complications or
stress, while older mothers are more likely to experience conditions such as gestational diabetes or hypertension, which can impact
fetal development. Additionally, maternal microbiota changes associated with age may influence neonatal gut health during delivery,
highlighting the multifactorial nature of FGID risk.
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4.1. Limitations

This study has several limitations that should be acknowledged. First, only a limited set of key variables were selected for analysis,
which may have excluded other important risk factors relevant to the development of Functional Gastrointestinal Disorders (FGID),
such as antibiotic use and birth weight classification [12,29]. However, the primary objective of this study was to leverage Al tech-
niques to identify a subset of variables that could provide an accurate prediction of a newborn’s risk of developing FGID, with the
understanding that additional variables may be explored in future research.

Furthermore, the study was conducted at a single hospital in Italy, which limits the generalizability of the results to other
healthcare settings or populations. Additionally, the research was carried out during the peak of the SARS-CoV-2 pandemic, a period
marked by significant disruptions in healthcare delivery and daily life. The inclusion of subjects during this time, and in the subsequent
post-pandemic period, introduces a potential bias, as the exceptional circumstances of the pandemic may have influenced both
parental behaviors and environmental factors that could, in turn, affect the development of FGID.

Finally, long-term health outcomes were not tracked, preventing us from assessing the impact of the predictive tool on the long-
term health of the neonates. These limitations underscore the need for further studies to validate these findings, explore other po-
tential risk factors, and assess the long-term effectiveness and applicability of the tool.

Usability of the model in the context of current care.

Our study provides new insights into early-life risk factors for FGIDs, underscoring the importance of perinatal and neonatal factors
in predicting these disorders. By integrating Al methods, we developed a robust risk prediction model and a practical assessment tool to
assist clinicians in identifying at-risk infants, enabling early interventions to mitigate the impact of FGIDs.
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