
O R I G I N A L  R E S E A R C H

Development of a Predictive Model for Neonatal 
Hospital-Acquired Gastrointestinal Infections 
Utilizing Multiple Machine Learning Algorithms
Hui Shao1, Huajuan Chen2, Xiujuan Wang1

1Department of Infectology, Shaoxing Maternity and Child Health Care Hospital (Maternity and Child Health Care Affiliated Hospital, Shaoxing 
University), Shaoxing, People’s Republic of China; 2Department of Obstetrics, Shaoxing Maternity and Child Health Care Hospital (Maternity and 
Child Health Care Affiliated Hospital, Shaoxing University), Shaoxing, People’s Republic of China

Correspondence: Xiujuan Wang, Department of Infectology, Shaoxing Maternity and Child Health Care Hospital (Maternity and Child Health Care 
Affiliated Hospital, Shaoxing University), Shaoxing, People’s Republic of China, Email juliewang472@163.com

Objective: To develop and validate a predictive model for neonatal gastrointestinal infections using multiple machine learning 
algorithms.
Methods: We conducted a retrospective analysis of 176 neonates diagnosed with nosocomial gastrointestinal infections in NICU 
between 2020 and 2024, along with a randomly selected control group of 675 neonates without such diagnoses during their NICU stay. 
The study examined 29 perinatal and NICU treatment-related risk factors potentially associated with neonatal gastrointestinal 
infections. The dataset was randomly partitioned into training and testing sets. To address class imbalance and enhance minority 
class identification, we applied SMOTE to the training set.Feature selection used Boruta, Lasso, and Logistic regression, with 
consensus features from Venn analysis.Subsequently, eight machine learning algorithms were implemented to construct predictive 
models. Models were evaluated using AUC, F1 score, accuracy, sensitivity, and specificity.
Results: The model incorporated nine significant feature variables: gestational age, NE, PLT, central venous catheterization, 
nasogastric feeding, delivery mode, intrauterine distress, pregnancy-induced hypertension, and probiotic administration. Among the 
eight machine learning algorithms evaluated, the Neural Network model demonstrated optimal performance — achieving perfect 
metrics in the training set (AUC=0.895, F1=0.845, Accuracy=0.837, Sensitivity=0.888, Specificity=0.786, Precision=0.806) and 
robust results in the test set (AUC= 0.876, F1=0.862, Accuracy=0.856, Sensitivity=0.896, Specificity=0.817, Precision=0.830) — 
thus was selected as the final predictive model. Model interpretability was enhanced through SHAP analysis. Furthermore, a Shiny- 
based interactive web calculator for neonatal gastrointestinal infection risk prediction was successfully developed based on this model.
Conclusion: The model effectively identifies at-risk neonates early, supporting clinical decision-making and timely interventions.
Keywords: neonate, NICU, gastrointestinal infection, machine learning, neural network, shiny

Introduction
Neonatal Hospital-Acquired Gastrointestinal Infections (NHAGIs) are defined as gastrointestinal infections that develop 
in newborns more than 48 hours after hospital admission. These infections represent one of the most common and severe 
complications in neonatal intensive care unit (NICU), characterized by high incidence rates, significant mortality, and 
substantial treatment costs. Epidemiological studies indicate that NHAGIs account for 10–30% of all hospital-acquired 
infections in NICU, constituting a major contributor to neonatal mortality.1 Regional studies in China have reported 
varying NHAGI incidence rates, with tertiary hospitals showing significantly lower rates compared to resource-limited 
settings, consistent with global disparities in neonatal care quality.2 Globally, NHAGI burden varies widely, with higher 
rates in low-resource settings compared to high-income countries, underscoring the need for context-specific 
interventions.3,4 The pathogenesis of NHAGIs is multifactorial, with key risk factors including preterm birth, low birth 
weight, invasive medical procedures, antibiotic usage and the inherent risk of cross-infection within the NICU 
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environment.5–7 Current predictive approaches predominantly depend on clinicians empirical judgments, which are 
limited by subjective interpretation, inadequate timeliness, and challenges in processing complex, high-dimensional 
data. These limitations significantly hinder effective early warning systems and precise clinical interventions.8,9 

Consequently, the development of an objective and reliable predictive tool has emerged as a critical priority in clinical 
research.

Machine learning (ML) possess the capability to autonomously extract patterns from extensive medical datasets and 
develop predictive models, offering significant advantages including enhanced objectivity, improved timeliness and 
robust processing capabilities for high-dimensional data.10,11 The development of predictive models for NHAGIs 
utilizing ML enables early warning systems, facilitates personalized treatment strategies, and optimizes resource 
allocation. These capabilities contribute to reducing infection rates and mortality while improving treatment outcomes 
and enhancing the efficiency of medical resource utilization.12,13 Specifically, Fleuren et al systematically demonstrated 
the utility of ML models (eg, random forests, gradient boosting) in sepsis prediction, achieving pooled AUCs of 
0.82–0.88 across 28 studies, while Nemati et al developed an interpretable LSTM-based model for real-time ICU sepsis 
prediction with 85% sensitivity, highlighting ML’s clinical translatability for infection-related outcomes.Recent research 
has demonstrated the application of various algorithms, including logistic regression, support vector machines, and 
random forests, in constructing predictive models for neonatal outcomes, with their efficacy being empirically 
validated.14–16 These findings suggest that ML holds substantial promise for broad applications in the prediction and 
management of NHAGIs.

To address this research gap, we conducted a comprehensive investigation of multiple obstetric and NICU-related risk 
factors associated with NHAGIs. Utilizing feature selection techniques to identify significant risk factors, we developed 
and validated a machine learning-based predictive model for NHAGIs, demonstrating strong performance in predicting 
infection risk. This retrospective study was designed to elucidate critical obstetric and clinical diagnostic factors 
influencing NHAGIs occurrence. The findings from this research are expected to significantly contribute to clinical 
practice by providing valuable insights for early intervention strategies. Furthermore, this study offers substantial support 
for enhancing neonatal healthcare outcomes and promoting healthy infant development.

Methods
Study Population
The study population comprised 851 neonates admitted to the NICU of our hospital between January 2020 and 
December 2024. Among these, 176 neonates were diagnosed with NHAGIs during their NICU stay, while 675 neonates 
without NHAGIs diagnosis during the same period were randomly selected as controls. Patient inclusion criteria were 
established in accordance with the Diagnostic Guidelines for Nosocomial Infections issued by the National Health 
Commission of China.17 Figure 1 presents the flow chart illustrating the study population screening process.

Data Collection
We retrospectively collected 29 perinatal and neonatal diagnostic and treatment-related characteristic variables from 
electronic medical records and nursing documentation systems.Missing data were handled using complete-case analysis, 
whereby any patient record with missing values for one or more variables was excluded from the analysis. This 
conservative approach was chosen to ensure the integrity of the analytical dataset.While we initially considered 
additional clinical factors such as antibiotic regimens (eg, specific agents, duration), detailed nutritional parameters 
(eg, caloric intake, growth velocity), and microbiome profiling, these variables were excluded due to either: (1) 
inconsistent documentation in medical records (>30% missing data), or (2) lack of standardized measurement protocols 
across cases.The included variables were:gestational age, birth weight, initial laboratory indicators upon NICU admission 
(WBC, HGB, PLT, NE), maternal age, maternal BMI, preeclampsia status, delivery mode, parity, timing of first feeding, 
milk source, nasogastric feeding, use of food additives, probiotic administration, intrauterine distress, hypothermia, 
hypoglycemia, asphyxia, respiratory failure, respiratory distress syndrome, ventilator use, central venous puncture, 
congenital heart defects, premature rupture of membranes, intrauterine infection, gestational diabetes, and pregnancy- 
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induced hypertension. These factors were comprehensively evaluated by a multidisciplinary team comprising experi
enced obstetricians, infectious disease specialists, and neonatologists, ensuring their clinical relevance and reference 
value.

Statistical Analysis
A comprehensive descriptive analysis was performed to characterize the study population. All statistical analyses were 
conducted using R-studio software. Continuous variables were expressed as mean ± standard deviation (SD) and 
analyzed using t-test, while categorical variables were expressed as percentages and analyzed using the chi-square 
test. Both univariate and multivariate logistic regression analyses were employed to calculate odds ratio (OR) with 
corresponding 95% confidence interval (CI), with statistical significance set at p < 0.05.The dataset was randomly 
partitioned into training and testing sets at a 7:3 ratio. Feature selection was performed in the training set using three 
distinct methods: Boruta, Lasso and logistic regression. The consensus features identified through these methods were 
determined using Venn diagram analysis, followed by correlation heatmap visualization to assess inter-variable relation
ships. Subsequently, eight machine learning algorithms were implemented in the training set, including Gradient 
Boosting Machine (GBM), Adaptive Boosting (Adaboost), Extreme Gradient Boosting (Xgboost), Neural Network, 
Random Forest (RF), Logistic Regression (LR), Support Vector Machine (SVM), and K-Nearest Neighbors (KNN).For 
machine learning implementation, we employed a standardized training framework with 10-fold repeated (5 times) cross- 
validation (method=“repeatedcv”, number=10, repeats=5) and two-class summary metrics (classProbs=TRUE, 
summaryFunction=twoClassSummary). All models used the same random seed (set.seed(520)) for reproducibility. The 
eight algorithms were implemented with the following optimized hyperparameters: Logistic Regression: glm package 
with ridge regularization (alpha=0, lambda=0.01); SVM: svmRadial with sigma=0.01 and C=1 (optimized via grid 
search); GBM: n.trees=500, interaction.depth=3, shrinkage=0.01, n.minobsinnode=10; Neural Network: size=10, 
decay=0.01; Random Forest: mtry=sqrt(n_features), numRandomCuts=1; XGBoost: nrounds=500, max_depth=6, 
eta=0.01, gamma=0.1, colsample_bytree=0.8; KNN: kmax=20, distance=2; AdaBoost: mfinal=50, maxdepth=4.Model 
performance was evaluated and compared using multiple metrics: AUC-ROC, sensitivity, specificity, F1 score, 

Figure 1 Flowchart of participant screening for study inclusion.
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accuracyandprecision. The testing set was utilized for model validation and performance assessment. Based on its 
superior predictive performance, the neural network model was selected for the development of an online risk calculator 
using the Shiny framework. The calculator offers a user-friendly interface where clinicians can input variables and 
instantly receive NHAGIs risk predictions by clicking the “Predict” button.

Results
Patient’s Characteristics and Logistic Regression Analyses
Table 1 presents the baseline characteristics of the training and validation cohorts. The patient data were randomly divided 
into training and validation sets at a 7:3 ratio. The training set (n = 946) underwent SMOTEprocessing, with Figure 2A 
illustrating the distribution of sample categories before and after SMOTE application. The validation set (n = 253) remained 
unprocessed for comparative analysis.Statistical analysis revealed significant differences (p < 0.05) in 12 characteristic 

Table 1 Baseline Features of the Training and Test Set

Variables Total (N = 1200) Training Set (N = 946) Test Set (N = 254) P

Gestation week, Mean ± SD 35.88 ± 3.82 35.67 ± 3.82 36.68 ± 3.75 <0.001
Neonatal weight(g), Mean ± SD 2582.56 ± 892.96 2540.27 ± 892.33 2740.06 ± 879.25 0.002
WBC (10^9/L),Mean ± SD 13.28 ± 6.01 13.13 ± 6.07 13.86 ± 5.77 0.083

HGB(g/L),Mean ± SD 173.39 ± 19.03 173.24 ± 18.64 173.95 ± 20.46 0.599
PLT(10^9/L), Mean ± SD 257.00 ± 61.12 256.77 ± 61.07 257.87 ± 61.41 0.800

NE(%), Mean ± SD 50.87 ± 25.68 50.41 ± 27.88 52.55 ± 14.78 0.239

Maternal age,year, Mean ± SD 29.41 ± 4.49 29.49 ± 4.44 29.08 ± 4.67 0.196
BMI, Mean ± SD 27.24 ± 3.88 27.16 ± 3.93 27.51 ± 3.70 0.205

NHAGIs, n(%) <0.001
No 675 (56.25) 473 (50.00) 202 (79.53)

Yes 525 (43.75) 473 (50.00) 52 (20.47)

Type of delivery, n(%) 0.028
Cesarean section 724 (60.33) 586 (61.95) 138 (54.33)

Vaginal delivery 476 (39.67) 360 (38.05) 116 (45.67)

Parity, n(%) 0.002
Single birth 931 (77.58) 716 (75.69) 215 (84.65)

Twinbirth 269 (22.42) 230 (24.31) 39 (15.35)

First feeding time, n(%) 0.149
Birthday 849 (70.75) 660 (69.77) 189 (74.41)

Non-birthday 351 (29.25) 286 (30.23) 65 (25.59)

Source of milk, n(%) 0.010
Maternal milk 239 (19.92) 198 (20.93) 41 (16.14)

Mixture 746 (62.17) 594 (62.79) 152 (59.84)

Formula milk 215 (17.92) 154 (16.28) 61 (24.02)
Nasal feeding, n(%) <0.001
No 872 (72.67) 664 (70.19) 208 (81.89)

Yes 328 (27.33) 282 (29.81) 46 (18.11)
Food additive, n(%) 0.120

No 1042 (86.83) 814 (86.05) 228 (89.76)

Yes 158 (13.17) 132 (13.95) 26 (10.24)
Add probiotics, n(%) 0.627

No 355 (29.58) 283 (29.92) 72 (28.35)

Yes 845 (70.42) 663 (70.08) 182 (71.65)
Intrauterine distress, n(%) 0.005
No 1089 (90.75) 870 (91.97) 219 (86.22)

Yes 111 (9.25) 76 (8.03) 35 (13.78)

(Continued)
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variables between the cohorts: gestational age, birth weight, NHAGIs status, delivery mode, parity, milk source, nasogastric 
feeding, intrauterine distress, hypothermia, respiratory failure, respiratory distress syndrome, and ventilator use.Table 2 
displays the results of logistic regression analyses performed on the training set. The analysis identified several statistically 
significant predictive factors (p < 0.05), including gestational age, PLT, NE, delivery mode, milk source, nasogastric 
feeding, probiotic administration, intrauterine distress, central venous catheterizationand pregnancy-induced hypertension.

Table 1 (Continued). 

Variables Total (N = 1200) Training Set (N = 946) Test Set (N = 254) P

Hypothermia, n(%) 0.039
No 1176 (98.00) 923 (97.57) 253 (99.61)
Yes 24 (2.00) 23 (2.43) 1 (0.39)

Hypoglycemia, n(%) 0.351

No 933 (77.75) 741 (78.33) 192 (75.59)
Yes 267 (22.25) 205 (21.67) 62 (24.41)

Asphyxia, n(%) 0.424

No 1060 (88.33) 832 (87.95) 228 (89.76)
Yes 140 (11.67) 114 (12.05) 26 (10.24)

Respiratory failure, n(%) 0.042
No 860 (71.67) 665 (70.30) 195 (76.77)
Yes 340 (28.33) 281 (29.70) 59 (23.23)

Respiratory distress, n(%) 0.006
No 972 (81.00) 751 (79.39) 221 (87.01)
Yes 228 (19.00) 195 (20.61) 33 (12.99)

Ventilator use, n(%) 0.005
No 933 (77.75) 719 (76.00) 214 (84.25)
Yes 267 (22.25) 227 (24.00) 40 (15.75)

Central venous puncture, n(%) 0.332
No 1041 (86.75) 816 (86.26) 225 (88.58)

Yes 159 (13.25) 130 (13.74) 29 (11.42)

Congenital heart defect, n(%) 0.643
No 1109 (92.42) 876 (92.60) 233 (91.73)

Yes 91 (7.58) 70 (7.40) 21 (8.27)

Premature rupture of membranes, n(%) 0.443
No 870 (72.50) 681 (71.99) 189 (74.41)

Yes 330 (27.50) 265 (28.01) 65 (25.59)

Intrauterine infection, n(%) 0.084
No 1112 (92.67) 883 (93.34) 229 (90.16)

Yes 88 (7.33) 63 (6.66) 25 (9.84)

Gestational diabetes, n(%) 0.202
No 915 (76.25) 729 (77.06) 186 (73.23)

Yes 285 (23.75) 217 (22.94) 68 (26.77)

Hypertension during pregnancy, n(%) 0.233
No 1162 (96.83) 919 (97.15) 243 (95.67)

Yes 38 (3.17) 27 (2.85) 11 (4.33)

Pre-eclampsia, n(%) 0.577
No 1088 (90.67) 860 (90.91) 228 (89.76)

Yes 112 (9.33) 86 (9.09) 26 (10.24)

Notes: Bold text indicates statistical significance at P < 0.05; Continuous variables: mean ± SD (standard deviation); Categorical: n (%); N indicates the number of 
observations in each group; P values were derived from t-tests or χ²-tests.
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Broguta and Lasso Regression Analysis
The Boruta algorithm is an advanced feature selection method that effectively identifies significant predictors for 
modeling. In the Boruta visualization (Figure 2B), black box plots represent the minimum, average, and maximum 
Z-scores of shadow features, while green box plots denote confirmed features. The results demonstrate that all variables 
marked in green were identified as important features. Figure 2C presents the LASSO regression path diagram, 
displaying 29 distinct trajectories corresponding to the included variables. Each colored line represents the coefficient 
trajectory of an independent variable, with the y-axis indicating coefficient values and the lower x-axis showing log(λ) 
values. The upper x-axis displays the number of non-zero coefficients at each λ value. As log(λ) increases, the regression 
coefficients gradually converge toward zero. Figure 2D illustrates the cross-validation curve, where the x-axis represents 
log(λ) and the y-axis shows the binomial deviance. Through this process, LASSO regression identified 12 relevant 
variables, which were subsequently incorporated into the multivariate logistic regression analysis, as detailed in Table 3.

Venn Diagram and Spearman Correlation Heatmap
Through comparative analysis of feature selection results from Boruta, Lasso and logistic regression, we identified the 
intersecting subset of features common to all three methods as our final predictors. Figure 3A illustrates the nine feature 
variables ultimately selected for inclusion in the ML prediction model: gestational age, PLT, NE, delivery mode, 
nasogastric feeding, probiotic administration, intrauterine distress, central venous catheterization, and pregnancy- 
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Figure 2 (A) The distribution of the class labels of the samples before and after applying SMOTE to the training set. (B) The result of Boruta algorithm screening important 
features. (C and D) The result of Lasso regression screening important features.
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Table 2 Univariate and Multivariate Logistic Regression Analysis of the Training Set

Variable Univariate Logistic P Multivariable 
Logistic

P

OR (95% CI) OR (95% CI)

Gestation week 0.61 (0.58–0.65) <0.001 0.69 (0.62–0.78) <0.001
Neonatal weight 1.00 (1.00–1.00) <0.001 1.00 (1.00–1.00) 0.280

WBC 0.91 (0.89–0.94) <0.001 1.04 (1.00–1.09) 0.070

HGB 1.00 (0.99–1.00) 0.199
PLT 0.99 (0.99–0.99) <0.001 0.99 (0.99–1.00) <0.001
NE 0.95 (0.94–0.96) <0.001 0.98 (0.97–1.00) 0.028
Maternal age 1.01 (0.98–1.04) 0.496
BMI 0.99 (0.95–1.02) 0.400

Type of delivery

Cesarean section
Vaginal delivery 0.28 (0.21–0.36) <0.001 0.40 (0.25–0.62) <0.001

Parity

Single birth
Twinbirth 4.89 (3.47–6.88) <0.001 1.34 (0.83–2.16) 0.226

First feeding time

Birthday
Non-birthday 5.22 (3.81–7.16) <0.001 1.25 (0.76–2.05) 0.374

Source of milk

Mixture
Formula milk 0.44 (0.30–0.65) <0.001 0.47 (0.27–0.80) 0.006
Maternal milk 5.87 (3.92–8.78) <0.001 0.76 (0.37–1.56) 0.451

Nasal feeding
No

Yes 12.66 (8.65–18.53) <0.001 2.24 (1.07–4.71) 0.032
Food additive

No

Yes 7.50 (4.53–12.43) <0.001 0.90 (0.36–2.25) 0.816
Add probiotics

No

Yes 1.58 (1.19–2.09) 0.001 0.61 (0.41–0.92) 0.018
Intrauterine distress

No

Yes 0.52 (0.32–0.85) 0.009 0.24 (0.11–0.55) <0.001
Hypothermia

No

Yes 10.94 (2.55–46.91) 0.001 0.46 (0.06–3.65) 0.461
Hypoglycemia

No

Yes 1.30 (0.95–1.77) 0.098
Asphyxia

No

Yes 3.03 (1.97–4.69) <0.001 1.75 (0.92–3.36) 0.089
Respiratory failure

No

Yes 3.23 (2.40–4.35) <0.001 0.83 (0.50–1.37) 0.460
Respiratory distress

No

Yes 11.82 (7.41–18.86) <0.001 0.91 (0.37–2.23) 0.833

(Continued)
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Table 2 (Continued). 

Variable Univariate Logistic P Multivariable 
Logistic

P

OR (95% CI) OR (95% CI)

Ventilator use
No

Yes 10.54 (6.98–15.92) <0.001 0.65 (0.26–1.63) 0.357

Central venous puncture
No

Yes 14.12 (7.50–26.58) <0.001 2.69 (1.09–6.65) 0.032
Congenital heart defect

No

Yes 2.89 (1.68–4.97) <0.001 0.72 (0.31–1.64) 0.435

Premature rupture of membranes
No

Yes 0.89 (0.67–1.18) 0.426

Intrauterine infection
No

Yes 1.11 (0.66–1.85) 0.696

Gestational diabetes
No

Yes 1.26 (0.93–1.70, p=0.142) 0.142

Hypertension during pregnancy
No

Yes 0.34 (0.14–0.81) 0.015 0.14 (0.04–0.44) <0.001
Pre-eclampsia

No

Yes 2.65 (1.63–4.31) <0.001 0.81 (0.43–1.52) 0.504

Notes: Bold text indicates statistical significance at P < 0.05. P values from logistic regression; Multivariable model included variables 
with P<0.05 in univariate analysis. 
Abbreviations: OR, odds ratio; CI, confidence interval.

Table 3 The Variables Selected by Multifactor Logistic Regression After the Lasso 
Regression

Variable Estimate Std.Error OR (95% CI) P

Type of delivery −0.7131 0.2438 0.49 (0.30–0.79) <0.05

Nasal feeding 0.6946 0.3466 2.00 (1.03–4.03) <0.05

Add probiotics −0.6031 0.2146 0.55 (0.36–0.83) <0.05
Intrauterine distress −1.7907 0.4536 0.17 (0.07–0.39) <0.05

Central venous puncture 1.1059 0.4439 3.02 (1.29–7.46) <0.05

Premature rupture of membranes −1.2323 0.2565 0.29 (0.17–0.48) <0.05
Gestational diabetes 0.7486 0.2326 2.11 (1.34–3.35) <0.05

Hypertension during pregnancy −1.2306 0.5889 0.29 (0.09–0.89) <0.05

Gestation week −0.4597 0.0714 0.63 (0.55–0.73) <0.05
PLT −0.0054 0.0018 0.99 (0.99–1.00) <0.05

NE −0.0188 0.0085 0.98 (0.97–1.00) <0.05

BMI −0.0809 0.0287 0.92 (0.87–0.97) <0.05

Notes: P values from LASSO-selected multivariable logistic regression (all P<0.05). 
Abbreviations: OR, odds ratio; CI, confidence interval.
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induced hypertension. Figure 3B presents the Spearman correlation coefficient matrix heatmap, which was employed to 
assess inter-variable relationships.

Performance Comparison of Eight ML Algorithms
In the training set (Figure 3C), RF and KNN demonstrated perfect performance metrics (Accuracy = 1.000, Sensitivity = 1.000, 
Specificity = 1.000, Precision = 1.000, F1 = 1.000, AUC = 1.000), suggesting potential overfitting. GBM showed excellent 
performance with an AUC of 0.972 and an F1 score of 0.930, along with balanced metrics. XGBoost and Neural Network 
exhibited stable performance with AUCs of 0.905 and 0.892. SVM and AdaBoost demonstrated moderate performance, 
achieving AUCs of 0.882 and 0.864, while LR showed comparable performance with an AUC of 0.895.In the validation set 

Figure 3 (A) Venn diagram of the three feature selection methods. (B) The Spearman correlation coefficient matrix heatmap. (C and D) ROC curves for eight models in 
the training cohort and validation cohort.
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(Figure 3D), LR and Neural Network emerged as the top performers, achieving AUCs of 0.877 and 0.876, with balanced 
sensitivity and specificity. XGBoost attained an AUC of 0.790, demonstrating the highest sensitivity (0.942) but lower precision 
and F1, potentially indicating overfitting. SVM maintained stable performance with an AUC of 0.875, closely matching the top 
performers. GBM and RF showed reduced performance in the validation set, with AUCs of 0.829 and 0.817 respectively, likely 
due to overfitting. KNN exhibited the poorest generalization capability, achieving only an AUC of 0.671 and sensitivity of 
0.500. AdaBoost demonstrated moderate performance with an AUC of 0.789, though its F1 score remained relatively low at 
0.584.In summary, while the RF and KNN models demonstrated perfect performance on the training set, their significant 
performance degradation on the validation set indicated severe overfitting.The calibration curves for both training and validation 
sets revealed that the Neural Network model’s predictions were closer to the ideal diagonal compared to other algorithms, 
indicating better alignment between predicted probabilities and actual outcomes (Figure 4A and B). DCA demonstrated that the 
RF model maintained high clinical net benefit across both datasets (Figure 4C and D). The classification performance of all ten 
algorithms was further evaluated through confusion matrix analysis (Figure 4E and F).Furthermore, ten-fold cross-validation 
performed on the training and validation sets demonstrated the Neural Network model’s robust performance, with Figure 5A 
and B illustrating the AUC values for each fold and the average AUC. Similarly, GBM exhibited reduced AUC and F1 scores 
on the validation set, likely attributable to their high model complexity. In contrast, the Neural Network model maintained 
consistent performance across both training and validation sets, achieving high AUC and F1 scores, which supported its 
selection as the final predictive model.Notably, all models showed suboptimal F1 scores on the validation set, potentially due to 
the limited number of positive cases. This limitation was addressed through SMOTE oversampling of the validation set, which 
resulted in significant improvement of F1 scores (Figure 6).Based on these comprehensive evaluations, the Neural Network was 
ultimately selected as the optimal prediction model.

Figure 4 (A and B) Calibration curves for eight models in the training cohort and validation cohort. (C and D) DCA curves for eight models in the training cohort and 
validation cohort. (E and F) Confusion matrix results for eight models in the training cohort and validation cohort.
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Characteristic Importance and Interpretability of Model
Figure 7A presents the feature importance scores of the Neural Network model, visualized using SHapley Additive 
exPlanations (SHAP) values. The marginal contributions of the nine selected features are illustrated across all samples in 
Figure 7B. The analysis reveals that gestational age, PLT, NE, delivery mode, and nasogastric feeding demonstrate 
dispersed sample distributions and wider SHAP value ranges, indicating their substantial impact on model predictions. 
Conversely, intrauterine distress, central venous catheterization, and pregnancy-induced hypertension show distributions 

Figure 5 (A) Ten-fold cross-validation of the training cohort. (B) Ten-fold cross-validation of the validation cohort.

Figure 6 The performance metrics of the eight machine learning models across the training, validation, and SMOTE-processed validation sets.

Infection and Drug Resistance 2025:18                                                                                             https://doi.org/10.2147/IDR.S533904                                                                                                                                                                                                                                                                                                                                                                                                   4151

Shao et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Figure 7 (A) Ranking of the importance scores for the eight variables. (B) Swarm map based on SHAP interpretation. (C) Dependence plot between the characteristic 
variables gestation week and PLT. (D) Single-sample interpretable force diagram.

Figure 8 User interface for a risk calculator developed using shiny.
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concentrated near SHAP = 0, suggesting minimal influence on the model’s output.The dependency plot (Figure 7C) 
demonstrates that platelet count (particularly within the range of 300–400 × 109/L) may significantly contribute to 
prediction outcomes at specific gestational ages (eg, 36 weeks). Additionally, a force plot was generated to provide 
detailed feature-level explanations for individual sample predictions, as shown in Figure 7D.

Shiny Application of the Model
We developed an interactive risk calculator using Shiny in the R programming language to facilitate clinical implemen
tation of the NHAGIs prediction model. This web-based application, accessible at [http://sh15609631795.shinyapps.io/ 
EnteritisPredictor/], provides a user-friendly interface for clinical decision support. Figure 8 demonstrates the application 
interface, where clinicians can input relevant patient data and obtain the probability of NHAGIs by clicking the “Predict” 
button.

Discussion
Neonatal hospital-acquired gastrointestinal infections (NHAGIs) result from the complex interplay of multiple risk 
factors. In this study, we developed and validated eight ML algorithms to predict NHAGIs using comprehensive data 
encompassing various diagnostic and clinical factors. Among these models, the Neural Network demonstrated consis
tently superior performance across both training and testing datasets. This model’s effectiveness was further supported by 
DCA and calibration curve results, indicating strong clinical applicability.The clinical significance of our ML approach 
lies in its ability to identify critical risk factors associated with NHAGIs. Our analysis identified nine key predictive 
factors: gestational age, NE, PLT, central venous catheterization, nasogastric feeding, delivery mode, intrauterine distress, 
pregnancy-induced hypertension and probiotic administration.The clinical significance of our ML approach is under
scored by its superior performance compared to existing non-ML predictive tools. Traditional clinical scoring systems 
like the Modified Neonatal Sepsis Score (MNSS) demonstrate limited predictive accuracy due to their reliance on 6–8 
predefined variables through logistic regression.18,19 In contrast, our neural network model achieved significantly higher 
discrimination while incorporating 29 input features, capturing complex interactions missed by conventional approaches. 
Notably, our model identified several novel predictors absent in current scores,20 and overcame the classic accuracy- 
interpretability trade-off through SHAP analysis. The development of our Shiny application further addresses a critical 
implementation gap, enabling real-time risk assessment unavailable in manual scoring systems.21 These advancements 
suggest ML can overcome key limitations of rule-based tools while maintaining clinical interpretability.

Based on the permutation importance analysis of feature variables in the neural network model, gestational age, 
nasogastric feeding, and delivery mode emerged as crucial predictors of neonatal nosocomial gastrointestinal infec
tions. Gestational age serves as a fundamental indicator of neonatal health, with prematurity being strongly associated 
with increased infection risk. Preterm infants often exhibit immature immune systems and compromised intestinal 
barrier function, rendering them more susceptible to gastrointestinal infections.22 Previous research has established 
a correlation between nasogastric feeding and neonatal gastrointestinal infections. The use of nasogastric tubes may 
facilitate pathogen entry into the gastrointestinal tract, particularly with prolonged usage.23,24 Furthermore, cesarean 
delivery has been associated with elevated infection risk compared to vaginal delivery, potentially due to its impact on 
the establishment of neonatal gut microbiota, thereby increasing vulnerability to gastrointestinal infections.25,26 

Hematological indicators, NE and PLT counts, also play essential roles in predicting NHAGIs. Neutrophils, as critical 
components of the immune system, exhibit count variations that reflect infection or inflammatory status. The degree of 
neutrophil elevation in infected neonates specifically correlates with infection severity and type.27 Similarly, platelet 
counts serve as indicators of immune status and inflammatory response. Notably, thrombocytopenia frequently occurs 
in neonates, particularly during infections or inflammatory states, potentially exacerbating infection risk.28 Our findings 
also indicate that probiotic supplementation in breast milk or formula may inhibit the development of gastrointestinal 
infections in newborns by modulating intestinal microbiota. Previous research has demonstrated that probiotics can 
strengthen intestinal barrier function and suppress pathogenic growth.29 Similarly, central venous catheterization, like 
nasogastric tube placement, represents a significant risk factor for nosocomial infections in neonates, as these devices 
can serve as entry points for pathogens.30 Intrauterine distress has been shown to potentially compromise neonatal 
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immune function through hypoxia, increasing infection susceptibility. The resultant intrauterine hypoxia may also 
impair intestinal function, further elevating the risk of gastrointestinal infections.31 Notably, our analysis revealed an 
unexpected association between pregnancy-induced hypertension (PIH) and reduced NHAGIs risk, which may be 
attributed to several factors:First, PIH (including preeclampsia) often necessitates medically indicated preterm delivery, 
resulting in more intensive medical supervision and prophylactic antibiotic use for preterm infants, potentially lowering 
gastrointestinal infection risk.32 The stringent infection control measures implemented in NICU, including aseptic 
techniques and antibiotic prophylaxis, may further contribute to this protective effect.33 Second, PIH may influence 
neonatal immunity through placental transmission of immune-modulating factors, potentially enhancing immune 
defense mechanisms.34 Third, the increased frequency of prenatal monitoring and interventions in PIH cases may 
indirectly reduce neonatal infection risk by enabling earlier detection and management of intrauterine infections or 
other complications.35 Finally, mothers with PIH may be more likely to initiate breastfeeding, which has been 
consistently associated with reduced NHAGIs risk. Breast milk contains immunoglobulins and beneficial microorgan
isms that support the development of neonatal intestinal barrier function.36

This study developed and evaluated eight ML algorithms to create a predictive model for NHAGIs using compre
hensive hospital data. We systematically analyzed the relationship between NHAGIs and various obstetric and clinical 
parameters, while employing advanced techniques to interpret the model’s decision-making process and address potential 
issues of model interpretability. However, several limitations should be acknowledged. First, the model’s generalizability 
may be limited as it was developed using data from a single center. Second, despite achieving an accuracy exceeding 
85%, the model requires validation through prospective studies to further establish its clinical utility and practical 
applicability.Third, while critical factors like antibiotic regimens and microbiome data were considered, they were 
excluded from the final model due to either inconsistent documentation in medical records (>30% missing data) or 
lack of standardized measurement protocols, which may represent potential omitted variable bias that should be 
addressed in future studies with more comprehensive data collection protocols.

Conclusion
In conclusion, our Neural Network model effectively predicts neonatal hospital-acquired gastrointestinal infections, 
identifying critical risk factors and enabling early intervention via a Shiny-based tool. This advances neonatal care by 
supporting timely clinical decisions. Prospective, multi-center validation is needed to confirm generalizability and 
optimize clinical integration, addressing limitations and enhancing the model’s impact on reducing NHAGI-related 
morbidity.
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