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Objective: This study aimed to develop and validate a model for predicting extrauterine growth restriction (EUGR) in preterm infants born ≤34 weeks gestation.



Methods: Preterm infants from Guangxi Maternal and Child Health Hospital (2019–2021) were randomly divided into training (80%) and testing (20%) sets. Collinear clinical variables were excluded using Pearson correlation coefficients. Predictive factors were identified using Lasso regression. Random forest (RF), support vector machine (SVM), and logistic regression (LR) models were then built and evaluated using the confusion matrix, area under the curve (AUC), and the F1 score. Additionally, calibration curves and decision curve analysis (DCA) were plotted to assess the performance and practical utility of the models.



Results: The study included 387 infants, with no significant baseline differences between training (n = 310) and testing (n = 77) sets. LR identified gestational age, birth weight, premature rupture of membranes, patent ductus arteriosus, cholestasis, and neonatal sepsis as key EUGR predictors. The RF model (19 variables) demonstrated an accuracy of greater than 90% during training, and superior AUC (0.62), F1 score (0.80), and accuracy (0.72) in testing compared to other models.



Conclusions: Gestational age, birth weight, premature rupture of membranes, patent ductus arteriosus, cholestasis, and neonatal sepsis are significant EUGR predictors in preterm infants ≤34 weeks. The model shows promise for early EUGR prediction in clinical practice, potentially enhancing screening efficiency and accuracy, thus saving medical resources.
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1 Introduction

According to statistics from 2016, approximately 16% of global mortality and 35% of neonatal deaths are attributable to preterm birth (1). Research conducted by the WHO indicates that preterm birth is a leading cause of mortality among children under five globally (2). Advancements in medical care and health conditions, particularly in medical technology within Neonatal Intensive Care Units (NICUs), have positively impacted the survival rates of preterm infants (3). However, surviving preterm infants continue to face a range of short-term and long-term health challenges (4), including developmental issues related to growth restriction or delay, such as bronchopulmonary dysplasia, necrotizing enterocolitis, and feeding difficulties (5). These challenges are exacerbated by perinatal conditions, the NICU environment, and nutritional support.

The concept of Extrauterine Growth Restriction (EUGR) was first proposed by Clark et al. in 2003 (6). They observed that during hospitalization, preterm infants were significantly affected by EUGR in terms of weight (28%), length (34%), and head circumference (16%) (6). Multiple studies indicate that EUGR affects 40% to 95% of premature infants, increasing their susceptibility to various diseases and contributing to adverse prognostic outcomes (7). EUGR is associated with alterations in cardiac metabolism and inflammatory states (8), correlating with poor metabolic and neurodevelopmental outcomes (9). Some severely affected premature infants with EUGR exhibit growth retardation during childhood (10).

The etiology of EUGR is complex, involving interactions among various factors such as pregnancy and environmental influences (11), as well as the potential for NICU exposure to predispose premature infants to multiple diseases (12, 13). Radmacher, Paula G. et al. developed a logistic regression model to predict the occurrence of EUGR in extremely low birth weight infants (14). However, their model included a limited number of predictive variables, excluding potential genetic and environmental factors, and relied solely on traditional statistical methods (14).

In the current context of increasing popularity of machine learning in healthcare, risk prediction models offer a rapid and effective means to assess individual disease susceptibility (15–17). These models estimate the probability of an individual developing a particular condition or experiencing specific outcomes based on a range of individual characteristics. They are commonly used in clinical settings to stratify disease severity and identify risk factors for disease or prognosis. The rapid, convenient, and effective assessments provided by these models are crucial for initial clinical analysis and diagnosis. Compared to traditional statistical methods, machine learning algorithms do not require data to adhere to specific statistical assumptions, such as independence of observations and avoidance of multicollinearity (18, 19).

In this study, predictive variables for early onset of EUGR in premature infants were selected, and three predictive were constructed: Random Forest (RF), Logistic Regression (LR), and Support Vector Machine (SVM). By comparing the performance and accuracy of these models, the optimal predictive model suitable for this study was identified. The aim is to facilitate early identification of EUGR, prompt intervention, and improvement in prognosis.



2 Methods


2.1 Study design and population

This study was approved by the Ethics Committee of the Maternal and Child Health Hospital of Guangxi Zhuang Autonomous Region [(2019-4) NO.4]. A total of 387 preterm infants admitted to the NICU of the hospital from January 1, 2019, to December 31, 2021, and subsequently discharged based on medical advice, were selected as study subjects. The dataset was randomly divided into training and testing sets in an 8:2 ratio. In the training set, clinical variables with collinearity were excluded based on Pearson correlation coefficients. Lasso regression and logistic regression (LR) were used to analyze and select predictive factors. Subsequently RF, SVM, and MLR were employed to construct risk prediction models for EUGR in preterm infants. The performance of these prediction models was comprehensively evaluated using the confusion matrix, receiver operating characteristic (ROC) curve, and F1 score in the testing set, and the optimal prediction model was ultimately selected.

Inclusion criteria: (1) admission to our NICU; (2) gestational age ≤34 weeks; (3) postnatal age at admission <24 h; (4) hospital stay ≥7 days; (5) stable vital signs and no need for respiratory support at discharge; (6) able to tolerate full oral feeding at discharge; (7) informed consent obtained from the family.

Exclusion criteria: (1) multiple births; (2) congenital malformations requiring surgical treatment that affects nutrient intake, such as gastrointestinal abnormalities or tracheoesophageal fistula; (3) congenital heart disease, chromosomal disorders, or genetic metabolic diseases; (4) died during hospitalization; (5) discharged against medical advice; (6) incomplete clinical data.

Definitions: EUGR refers to growth parameters (weight, height, head circumference) below the 10th percentile for the same gestational age at discharge (6). Birth weight is defined as the weight of the neonate recorded within 1 hour after birth (20). Neonatal sepsis is defined as either bacterial or fungal sepsis (21, 22). Neonatal respiratory distress syndrome is diagnosed according to the 2022 European guidelines (23). Retinopathy of prematurity (ROP) is defined as a retinal disease characterized by abnormal proliferation of retinal vessels (24). Necrotizing enterocolitis (NEC) is defined according to Bell's criteria (25). The diagnosis and grading of intraventricular hemorrhage are based on Papile's criteria (26). Antenatal corticosteroid use is defined as the administration of corticosteroids to the pregnant mother at least 48 hours before delivery (27). The definitions of gestational hypertension syndrome, gestational diabetes mellitus, and premature rupture of membranes are based on obstetrics literature (28). Clinical diagnosis of chorioamnionitis is established if any one of the following criteria is met: maternal fever (temperature >38°C) with maternal tachycardia (heart rate >100 bpm), fetal tachycardia (fetal heart rate >160 bpm), uterine tenderness, foul-smelling amniotic fluid, or elevated maternal white blood cell (WBC) count (29).



2.2 Data collection

Data were systematically collected from the inpatient medical records, including general information (gender, gestational age, birth weight, mode of delivery, etc.), parental characteristics (maternal age, parental education level, method of conception, etc.), relevant risk factors of maternal infections during pregnancy (premature rupture of membranes, chorioamnionitis, antenatal steroid use, etc.), and postnatal conditions of preterm infants (hyperbilirubinemia, neonatal sepsis, bronchopulmonary dysplasia, etc.). Clinical data collection was independently performed by two individuals and subsequently verified to ensure quality control.



2.3 Constructing and comparing predictive models


2.3.1 Screening predictive factors

In the training set, potential collinearity among the variables was assessed by calculating Pearson correlation coefficients (r ≥ 0.7 indicating strong correlation). Variables exhibiting significant correlations were considered for exclusion based on a literature review and consultations with neonatology experts. To address multicollinearity in clinical variables, the Lasso regression method was employed. This method is effective for selecting variables with higher interpretability, managing high-dimensional data, and mitigating multicollinearity, ensuring the model's reliability and generalizability. Variables were selected using penalty coefficients (λ), which apply penalties to predictive factors. A larger λ imposes stricter selection criteria, resulting in fewer predictive factors in the final model. Setting λ to one standard error, the model effectively performs with fewer predictive factors. Additionally, LR analysis was conducted to validate the predictive factors by identifying significant variables.



2.3.2 Construct risk predictive models

Using the training set and selected predictive variables, we constructed three models to predict EUGR in preterm infants born at ≤34 weeks gestational age. We employed the bootstrap resampling method, conducting 380 iterations on the training set to generate multiple bootstrap samples. Each bootstrap sample was used to train 500 individual decision trees, resulting in the formation of a RF prediction model (Supplementary Figure S2). Analyzing the Gini coefficient helped identify the most important features, simplifying the model and enhancing its predictive performance. Additionally, based on the training set, we used the LR algorithm to train the predictive model, while determining the optimal decision boundary for the SVM model.



2.3.3 Evaluate model performance

Model performance was evaluated using the area under the ROC curve (AUC) to assess discrimination (30). Sensitivity, specificity, and F1 score were computed for the three models in the testing set. Confusion matrices were used to determine the accuracy of the random forest model on both the training and testing sets, aiding in the evaluation of the model's generalization ability and predictive accuracy. The optimal predictive model was selected based on a comprehensive assessment of multiple performance metrics. Calibration curves were generated using the training set to evaluate the model's probability prediction accuracy (31). Additionally, decision curve analysis (DCA) was performed to assess the model's practical utility in clinical settings (32).




2.4 Statistical analysis

Statistical analysis and model construction were performed using R (version 4.1.1). Categorical variables were expressed as percentages, while continuous variables were described using means and standard deviations (SD) to represent central tendency and variability. A p-value of less than 0.05 was considered statistically significant for two-tailed tests. Confusion matrices were generated, and metrics such as the F1 score and AUC were calculated to analyze and evaluate the predictive models.




3 Results


3.1 General characteristics

A total of 526 eligible preterm infants were enrolled in this study. Of these, 16 infants passed away during hospitalization, and 55 were discharged against medical advice. Among the surviving infants, 68 were lost to follow-up. Consequently, the study included a total of 387 preterm infants (Supplementary Figure S1), with 310 in the training set and 77 in the testing set.



3.2 Screening for predictive factors

The heatmap (Supplementary Figure S3) visually illustrates the correlations among multiple variables. Birth weight showed a positive correlation with gestational age (0.6813) and a negative correlation with total oxygen duration (−0.6261). Gestational age exhibited negative correlations with bronchopulmonary dysplasia (−0.5252), non-invasive ventilation duration (−0.6241), and total oxygen duration (−0.6944). Additionally, birth weight showed a positive correlation with invasive mechanical ventilation duration (0.5324). There was also a positive correlation between maternal education level and paternal education level (0.8005). Although these variables exhibited certain correlations, no significant collinearity was observed. Considering the findings from prior research and insights from clinical experts, as well as the importance of these variables, we did not exclude any variables, thereby ensuring a thorough analysis and understanding of all 33 variables included in the study. These findings were used to select variables for Lasso regression analysis (Figure 1), resulting in the selection of 14 significant predictive variables: neurodevelopmental delay, NEC surgery, gestational age, birth weight, 5-minute Apgar score, paternal education level, method of conception, premature rupture of membranes, chorioamnionitis, severe intraventricular hemorrhage, patent ductus arteriosus, cholestasis, hypothyroidism, and neonatal sepsis (Figure 2). LR analysis (Table 1) identified six independent factors that were significant at a 95% confidence level: gestational age (P = 0.0056), birth weight (P = 0.0015), premature rupture of membranes (P = 0.0069), patent ductus arteriosus (P = 0.0076), cholestasis (P = 0.0139), and neonatal sepsis (P = 0.0299). Comparison analysis revealed overlapping variables between the Lasso regression and LR analyses, indicating consistency between the two methods. To enhance the predictive power of the model, and based on clinical expert opinions, five additional variables were selected for subsequent prediction model construction: gender, intrauterine growth restriction, maternal age above 35 years, antenatal steroid use, and pregnancy-induced hypertension.


[image: Figure 1]
FIGURE 1
Cross-validation plot for Lasso regression model.



[image: Figure 2]
FIGURE 2
Lasso regression variable selection dynamic plot. Optimal parameter (lambda) selection in the Lasso model. The ordinate indicates the target parameter. The upper abscissa represents the number of non-zero coefficients, and the lower abscissa represents the log(λ).



TABLE 1 Logistic regression (LR) model results for predicting EUGR.
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3.3 Development of risk prediction models

In the training set population, a RF model was constructed using the selected 19 variables as predictors, with the occurrence of EUGR as the outcome of interest. The RF model revealed that gestational age (0.0944), birth weight (0.1087), 5-min Apgar score (0.0476), patent ductus arteriosus (0.0648), and premature rupture of membranes (0.0499) were the top-ranked variables contributing significantly to the accuracy (Figure 3A). This observation was corroborated by the evaluation based on Gini coefficients (Figure 3B).


[image: Figure 3]
FIGURE 3
Importance of variables in Random Forest (RF) metrics. (A) Evaluation based on accuracy. (B) Evaluation based on Gini coefficient. PW, pregnancy weeks; BW, birth weight; PDA, patent ductus arteriosus; PROM, premature rupture of membranes; PIH, Pregnancy-induced hypertension syndrome; IUGR, Intrauterine Growth Restriction; ICH, intracranial hemorrhage; NEC, neonatal necrotizing enterocolitis; CAM, chorioamnionitis.




3.4 Comparison with other models and predictive accuracy

Alongside the RF model, a SVM model was constructed using the same variables, and a LR model was built using the six variables selected by logistic regression. Comparing the performance of the RF model, SVM model, and LR model, the RF model achieved the highest AUC of 0.62 (Supplementary Figure S4), indicating its superior predictive performance among the three models. Moreover, the RF model demonstrated the highest F1 score and accuracy, followed by the SVM model (Table 2). These findings suggest that machine learning methods have potential in constructing clinical risk prediction models and provide evidence for the suitability of the RF model in predicting EUGR (Table 2).


TABLE 2 AUC, F1 score, and Accuracy of three predictive models on the test set.

[image: Table 2]

Internal validation using bootstrap resampling (380 iterations) demonstrated the stability of the predictive model. Confusion matrices were generated to assess the performance of the RF model, comparing the predicted classifications with the true classifications in the training set (Figure 4A). The RF model achieved an accuracy of 99.99% in the training set and 72.72% in the testing set, validating the model's reliability externally (Figure 4B).


[image: Figure 4]
FIGURE 4
Confusion matrix for the training and testing sets. (A) Training set. (B) Testing set.


Based on the calibration curve plotted using the training set, when the risk of EUGR is low (<0.4), the model predicts probabilities slightly lower than the actual probabilities (Figure 5). Conversely, when the risk of EUGR is high (≥0.4), the model's predictions are more conservative than the actual probabilities, indicating cautious predictions by the model (Figure 5). The overall calibration curve closely approximates the ideal curve, fluctuating near the 45-degree diagonal, suggesting good overall performance of the constructed random forest model. Using the DCA curve to evaluate the clinical applicability of the predictive model across the entire population, the DCA curve lies above the diagonal and horizontal lines, indicating that utilizing the model developed in this study to predict EUGR in premature infants born before 34 weeks gestation would yield greater net benefit (Figure 6).


[image: Figure 5]
FIGURE 5
Calibration curve of the Random Forest (RF) model.
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FIGURE 6
Decision Curve Analysis (DCA) demonstrating the clinical applicability of the Random Forest (RF) model.





4 Discussion

In this study, clinically collinear variables in the training set were excluded based on the Pearson correlation coefficient. Lasso regression and LR analyses were performed to determine the final predictive factors. A RF prediction model was established using a total of 19 predictive factors, including gestational age and birth weight, achieving an accuracy of 99.99%, sensitivity of 83.33%, and specificity of 53.85%. Internal validation was conducted using bootstrap resampling, and the model demonstrated good stability in the test set queue during external validation, showing higher reliability compared to SVM and LR models. Calibration curves were plotted to assess the probability prediction performance of the forecasting model, and DCA was conducted to validate the clinical efficacy of the random forest model.

The study analyzed the correlation between variables. It was observed that birth weight had a positive correlation with gestational age and the duration of invasive mechanical ventilation, while the total oxygen duration had a negative correlation with birth weight. Although correlation does not imply causation, and an association between two variables does not necessarily indicate direct influence, examining correlations between variables aids in exploring predictive outcomes, identifying risk factors, and providing valuable information for clinical decision-making.

Both LR and Lasso regression analyses identified that gestational age, birth weight, premature rupture of membranes, patent ductus arteriosus, cholestasis, and neonatal sepsis were the main predictive variables for EUGR. Previous studies have highlighted the importance of gestational age and birth weight as predictive factors for EUGR. Experts have emphasized that infants with very low birth weight, those born small for their gestational age, and those born extremely preterm are at a higher risk of developing EUGR (33). Research by Zhang (11) also clearly demonstrated that low birth weight and inadequate gestational age were key risk factors for EUGR. The delayed postnatal physiological weight loss, combined with poor nutrition intake and complications, exacerbates the delayed growth. Therefore, providing appropriate feeding and ensuring sufficient calorie intake to premature infants as early as possible, striving to shorten the duration and magnitude of physiological weight loss, may effectively reduce the occurrence of EUGR.

The RF prediction model indicated that gestational age, birth weight, 5-minute Apgar score, patent ductus arteriosus, and premature rupture of membranes were important variables in determining the classification. Experts such as Menon have pointed out that premature rupture of membranes (34) is associated with the occurrence of severe complications in the short- and long-term, including neonatal mortality, periventricular leukomalacia, bronchopulmonary dysplasia, necrotizing enterocolitis (NEC), retinopathy of prematurity, and adverse neurological outcomes (35, 36). The present study also identified premature rupture of membranes as one of the most important predictive factors for EUGR, consistent with previous literature. Premature rupture of membranes can lead to infections, abnormal amniotic fluid, and cervical insufficiency, all of which are linked to EUGR (37). Therefore, effectively preventing and treating premature rupture of membranes may be an important measure for preventing EUGR and improving short-term growth and long-term developmental outcomes in preterm infants.

Additionally, this study also demonstrated an association between cholestasis, neonatal sepsis (38), patent ductus arteriosus (39), and EUGR. Due to the immaturity of the digestive system, preterm infants may experience delayed establishment of intestinal microbiota (40). This makes preterm infants more prone to feeding intolerance, cholestasis, NEC, neonatal sepsis, adverse neurological development, and allergic diseases, which can affect nutrient absorption (41) and contribute to EUGR. Key aspects in the treatment of sepsis or cholestasis include focusing on nutritional support, monitoring growth, early stimulation, managing patent ductus arteriosus, maintaining intestinal health, controlling infections, and facilitating multidisciplinary teamwork to ensure optimal treatment and rehabilitation for patients, thereby avoiding the occurrence of EUGR. It is important to emphasize that in the clinical treatment of EUGR patients, a comprehensive approach that integrates established EUGR-related factors from current research and customizes treatment and nutritional support based on the individual growth status of each patient can effectively enhance growth and development in EUGR patients. Breastfeeding is recommended in clinical practice, and early initiation of enteral nutrition is advocated to rapidly achieve full enteral feeding, effectively increases cumulative calorie intake during the first week, reduces the occurrence of EUGR and complications such as cholestasis, while avoiding the risks of other complications in preterm infants (42).

This study has certain limitations: The data used to establish the disease prediction model were sourced from a single center, lacking validation from external hospital cohorts; The sample size was relatively modest. Therefore, it is necessary to include external hospital cohorts for validation and increase the sample size in future studies. Further analysis with follow-up results can also enhance the predictive performance, clinical applicability, and generalizability of the model.

In summary, this study developed and validated a risk prediction model for EUGR in preterm infants born before 34 weeks of gestation. The predictive model provides clinicians with a scientifically effective tool for preventing and early intervention of EUGR in this population, and it has a significant reference value for accurate diagnosis, treatment, and objective assessment of EUGR patients.
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