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Background: The clinical characteristics of neonatal sepsis (NS) are subtle and non-specific, posing 
a serious threat to the lives of newborn infants. Early-onset sepsis (EOS) is sepsis that occurs within  
72 hours after birth, with a high mortality rate. Identifying key factors of NS and conducting early diagnosis 
are of great practical significance. Thus, we developed a robust machine learning (ML) model for the 
early prediction of EOS in neonates admitted to the neonatal intensive care unit (NICU), investigated the 
pivotal risk factors associated with EOS development, and provided interpretable insights into the model’s 
predictions.
Methods: A retrospective cohort study was conducted. This includes 668 newborns (EOS and non-EOS) 
admitted to the NICU of Bozhou People’s Hospital from January to December 2023, excluding 72 newborns 
born more than three days ago and 166 newborns with medical record data missing more than 30%. 
Finally, 430 newborns (EOS and non-EOS) were included in the study. Clinical case data were meticulously 
analyzed, and the dataset was randomly partitioned, allocating 75% for model training and the remaining 
25% for test. Data preprocessing was meticulously performed using R language, and the least absolute 
shrinkage and selection operator (LASSO) regression was implemented to select salient features, mitigating 
the risk of overfitting. Six ML models were leveraged to forecast the incidence of EOS in neonates. The 
predictive performance of these models was rigorously evaluated using the receiver operating characteristic 
(ROC) curve and precision-recall (PR) curve. Furthermore, the SHapley Additive exPlanations (SHAP) 
framework was employed to provide intuitive explanations for the predictions made by the Categorical 
Boosting (CatBoost) model, which emerged as the top performer.
Results: The ROC area under the curve (ROCAUC) of six ML models, CatBoost, random forest (RF), 
eXtreme Gradient Boosting (XGBoost), multilayer perceptron (MLP), support vector machine (SVM), 
logistic regression (LR) all exceeded 0.900 on the test set. Especially the CatBoost model exhibited superior 
performance, with favorable outcomes in calibration, decision curve analysis (DCA), and learning curves. 
Notably, the ROCAUC attained 0.975, and the area under the PR curve (PRAUC) reached 0.947, signifying 
a high degree of predictive accuracy. Utilizing the SHAP method, seven key features were identified and 
ranked by their importance: respiratory rate (RR), procalcitonin (PCT), nasal congestion (NC), yellow 
staining (YS), white blood cell count (WBC), fever, and amniotic fluid turbidity (AFT).
Conclusions: By constructing a precision-oriented ML model and harnessing the SHAP method for 
interpretability, this study effectively identified crucial risk factors for EOS development in neonates. This 
approach enables early prediction of EOS risk, thereby facilitating timely and targeted clinical interventions 
for precise diagnosis and treatment.
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Introduction

Neonatal sepsis (NS) refers to nonspecific bacteremia and 
a systemic inflammatory response syndrome occurring in 
newborns post-birth and remains a significant cause of 
neonatal mortality, with an 8% mortality rate (1,2). Early-

onset sepsis (EOS), occurring within the first 72 hours, 
often presents with subtle, non-specific symptoms, leading 
to rapid progression and higher risks of delayed treatment 
and adverse outcomes (3,4), making timely diagnosis 
challenging. The condition can rapidly deteriorate into 
septic shock and multi-organ failure, leaving survivors with 
potential severe sequelae (5,6). An international study found 
a 3.2% mortality rate for full-term newborns with EOS (7).  
Despite advances reducing EOS through improved 
obstetrical care and antibiotics, newborns remain vulnerable 
due to immature immune systems. The lack of clear clinical 
markers complicates diagnosis and treatment, impacting 
outcomes (8,9). Understanding the clinical nuances of EOS 
and achieving early diagnosis is crucial for optimal disease 
management. Currently, blood culture serves as the primary 
diagnostic tool for NS, despite its limitations (10,11). The 
positivity rate of blood cultures is influenced by various 
factors, such as specimen volume, prior antibiotic exposure, 
and time to sample processing, etc. These factors lead to a 
slow turnaround time for blood cultures, typically two days,  
and low sensitivity, especially in EOS cases. They are 
even less effective at detecting slow-growing or fastidious 
bacteria (12). Due to blood volume limitations in newborns, 
especially those with low birth weights, blood culture 
sensitivity is reduced; thus, each sample must be at least  
1 mL (13), and a negative result does not exclude sepsis. 
Early identification and prompt treatment of EOS are 
crucial for improving neonatal outcomes. 

Machine learning (ML), a pivotal subset and the most 
prevalent branch within the artificial intelligence (AI) 
realm, has demonstrated substantial maturity in enhancing 
diagnostic precision and expediency, augmenting physician 
decision-making, forecasting disease trajectories, and 
facilitating drug discovery (14-16). ML excels at navigating 
through voluminous and intricate medical datasets, 
distilling pivotal insights through iterative training 
processes. These ML models meticulously discern and 
categorize disease characteristics and patterns, enabling 
precise disease identification and classification (17-19). The 
efficacy of these predictive models is rigorously evaluated 
using meticulous metrics, including accuracy, sensitivity, 
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specificity, and area under the curve (AUC) (20,21). A 
higher score in these metrics typically translates to superior 
predictive performance, underscoring the reliability and 
robustness of the ML models. Within the ML taxonomy, 
various learning paradigms exist, notably supervised 
learning, unsupervised learning, semi-supervised learning, 
and reinforcement learning (22). Notably, supervised and 
unsupervised learning methodologies hold sway in the realm 
of medical data processing (23-26). Supervised learning 
relies heavily on labeled training data to construct predictive 
models for unlabeled test data, while unsupervised learning 
processes unlabeled data, providing unique insights into 
disease complexity (27). 

In the realm of NS diagnosis, many researchers have 
utilized ML techniques to conduct detailed analysis of 
objective NS data. Meeus et al. (28) for instance, leveraged AI 
technology to devise a predictive model for late-onset sepsis 
(LOS) and necrotizing enterocolitis (NEC) among infants 
under neonatal intensive care. Their ML model, rigorously 
evaluated on an independent test set of 148 patients, exhibited 
a commendable overall sensitivity of 69% for the onset 
of LOS/NEC, underscoring its potential clinical utility. 
Similarly, Lyra et al. (29) trained two comprehensive public 
datasets encompassing adult and neonatal patients using 
ML techniques. Subsequently, they validated their model 
using synthetic clinical data, achieving notable performance 
metrics, including a receiver operating characteristic AUC 
(ROCAUC) of 0.91 and a precision-recall AUC (PRAUC) 
of 0.38. Nonetheless, it is noteworthy that the ML 
methodologies utilized in these studies exhibit a degree 
of homogeneity, suggesting that there may be avenues for 
optimization and improvement in prediction outcomes. 
As such, future research endeavors should explore diverse 
ML techniques and strategies, aiming to refine prediction 
models and further elevate the diagnostic accuracy of NS. 
In this study, we endeavor to construct a diverse array of 
ML models, utilizing neonates with clinically confirmed NS 
within the first 72 hours of life. Using clinical diagnosis as 
the gold standard, we included EOS and non-EOS patients 
as our study cohort. Furthermore, we employ the SHAP 
(SHapley Additive exPlanations) (30) technique to gain 
insightful explanations of these models. The aim of this study 
is to achieve the following goals: (I) early prediction of EOS; 
(II) identification risk factor; and (III) apply SHAP for model 
insight. Thus, providing reference for clinical diagnosis and 
treatment (30,31). We present this article in accordance 
with the TRIPOD reporting checklist (available at https://
tp.amegroups.com/article/view/10.21037/tp-24-278/rc).

Methods

Research object

A retrospective analysis was conducted on the clinical case 
data of 668 neonatal intensive care unit (NICU) neonatal 
patients admitted to Bozhou People’s Hospital from 
January to December 2023, excluding 72 newborns born 
more than three days ago and 166 newborns with missing 
medical records exceeding 30%, a total of 430 newborns 
(EOS and non-EOS) were included in the study. These 
patients were randomly split into a training set of 322 cases  
and a test set of 108 cases at a ratio of 75% and 25%, 
respectively. The training set was further divided into an 
EOS group of 79 cases and a non-EOS group of 243 cases  
based on the occurrence of EOS in neonates. Given the 
issue of data imbalance, after filling in missing data, a 
random oversampling technique was applied to balance the 
data, resulting in 243 cases in both the EOS and non-EOS 
groups within the training set. Inclusion criteria: (I) patients 
meeting the EOS-related clinical diagnostic criteria outlined 
in the “Expert Consensus on Diagnosis and Treatment of 
Neonatal Sepsis” in 2019 (12). (II) Patients with complete 
data or missing data less than 30% of the total. Clinical 
diagnostic criteria for neonatal EOS: diagnosis is made 
when clinical abnormalities are present along with any of 
the following: (i) 2 positive non-specific blood tests; (ii) 
cerebrospinal fluid (CSF) examination showing changes of 
purulent meningitis; (iii) detection of pathogenic bacterial 
DNA in blood. Exclusion criteria: (I) patients with missing 
data exceeding 30% of the total; (II) patients beyond 3 days 
of age. The specific data preprocessing and experimental 
process are shown in Figure 1. The study was conducted in 
accordance with the Declaration of Helsinki (as revised in 
2013). The study was approved by the Ethics Committee 
of the Bozhou People’s Hospital (approval No. 2024-149).  
This study has obtained informed consent from the 
patients. The data we used in our study were all anonymous 
information of patients, and the unique identification 
information of patients was removed to ensure their privacy 
and security.

Data collection

Electronic medical records of NICU neonatal patients in 
the hospital were retrospectively collected. The clinical data 
of neonates included gestational age (GA), birth weight 
(BW), respiratory rate (RR), pulse, sex, yellow staining (YS), 
nasal congestion (NC), skin cyanosis (SC), and fever. The 
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Figure 1 Data preprocessing and experimental flowchart. NICU, neonatal intensive care unit; EOS, early-onset sepsis; LASSO, least 
absolute shrinkage and selection operator; CatBoost, Categorical Boosting; RF, random forest; XGBoost, eXtreme Gradient Boosting; 
MLP, multilayer perceptron; SVM, support vector machine; LR, logistic regression; SHAP, SHapley Additive exPlanations; ROC, receiver 
operating characteristic; DCA, decision curve analysis; ROCAUC, receiver operating characteristic area under the curve.

clinical data of pregnant mothers encompassed amniotic 
fluid turbidity (AFT), abnormal thyroid function (ATF), 
history of miscarriage (HOM), anemia, gestational diabetes 
(GD), and fever during pregnancy (FDP). Laboratory 
indicators included procalcitonin (PCT), white blood cell 
count (WBC), and C-reactive protein (CRP).

Statistical analysis 

Using R version 4.3.2, we undertook a comprehensive 
data preprocessing and analysis pipeline. For missing 
values, we imputed numerical variables with the median 
and categorical variables with the mode. We balanced the 
dataset using random oversampling. To compare baseline 
characteristics between the EOS and non-EOS groups, we 
used the Shapiro-Wilk test for normality, presenting non-
normally distributed data as M (Q1, Q3) and comparing 
groups with the Wilcoxon rank-sum test. Categorical 
data were expressed as [n (%)] and analyzed with the Chi-

squared test, with statistical significance set at P<0.05. 
Subsequently, we performed one-hot encoding on discrete 
categorical data and standardized continuous data. We used 
the least absolute shrinkage and selection operator (LASSO) 
regression with 10-fold cross-validation to select features. 
In Python 3.8.0, we analyzed the correlations among the 
retained features. We built six ML models: support vector 
machine (SVM), logistic regression (LR), random forest 
(RF), eXtreme Gradient Boosting (XGBoost), multilayer 
perceptron (MLP), and Categorical Boosting (CatBoost). 
For RF and CatBoost,  continuous data remained 
unstandardized to aid interpretation. Each model underwent 
hyperparameter tuning with 5-fold cross-validation and was 
validated using the test set. Model evaluation utilized ROC 
curves, PR curves, and metrics from the confusion matrix. 
The best-performing algorithm was selected to build the 
final model, and decision curve analysis (DCA), calibration 
curves, and learning curves were plotted. SHAP was used to 
interpret the model results. 
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Results

Comparison of baseline data between neonatal EOS group 
and non-EOS group patients in the training set

A comparison of baseline data between the neonatal EOS 
group and the non-EOS group in the training set revealed 
significant differences in RR, pulse, YS, NC, fever, AFT, 
ATF, FDP, PCT, WBC, CRP. In both groups, there were no 
significant differences in GA, BW, sex, SC, HOM, anemia, 
and GD, with statistical significance defined as P<0.05. 
These findings are summarized in Table 1.

Feature selection using LASSO regression on the training set

Employing the EOS status from the training set as the 
outcome variable, we employed Lasso regression (with the 

selection criterion set as one standard error to the right of 
the minimum lambda) to screen the features. Ultimately, 
seven features with non-zero regression coefficients were 
included in the model: RR, PCT, NC, YS, WBC, fever, and 
AFT. The 10-fold cross-validation error curve for the Lasso 
regression is shown in Figure 2A, and the LASSO regression 
coefficient path is depicted in Figure 2B. 

Model construction and ROC curve analysis

Utilizing the seven features selected by LASSO regression 
in Python 3.8.0, we constructed SVM, LR, RF, XGBoost, 
MLP, and CatBoost ML models. Hyperparameter tuning 
was performed for each model using grid search with 5-fold 
cross-validation to build the optimal models. Subsequently, 
ROC curves for predicting EOS on both the training and 

Table 1 Comparison of baseline data between neonatal EOS group and non-EOS group patients in the training set

Clinical data Total (n=486) EOS (n=243) Non-EOS (n=243) P

Neonate

GA 39.4 [38.3, 40.1] 39.4 [38.3, 40.1] 39.3 [38.1, 40.2] 0.52

BW 3.3 [3.0, 3.6] 3.3 [3.1, 3.5] 3.3 [2.9, 3.6] 0.35

RR 54 [50, 62] 50 [48, 53] 62 [55, 62] <0.001

Pulse 134 [132, 138] 132 [132, 138] 136 [132, 140] <0.001

Sex 0.79

Male 264 (54.3) 130 (53.5) 134 (55.1)

Female 222 (45.7) 113 (46.5) 109 (44.9)

YS <0.001

No 436 (89.7) 236 (97.1) 200 (82.3)

Yes 50 (10.3) 7 (2.9) 43 (17.7)

NC <0.001

No 355 (73.0) 206 (84.8) 149 (61.3)

Yes 131 (27.0) 37 (15.2) 94 (38.7)

SC 0.09

No 468 (96.3) 230 (94.7) 238 (97.9)

Yes 18 (3.7) 13 (5.3) 5 (2.1)

Fever <0.001

No 446 (91.8) 209 (86.0) 237 (97.5)

Yes 40 (8.2) 34 (14.0) 6 (2.5)

Pregnant mother

AFT <0.001

No 417 (85.8) 229 (94.2) 188 (77.4)

Yes 69 (14.2) 14 (5.8) 55 (22.6)

Table 1 (continued)
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Table 1 (continued)

Clinical data Total (n=486) EOS (n=243) Non-EOS (n=243) P

ATF 0.047

No 420 (86.4) 218 (89.7) 202 (83.1)

Yes 66 (13.6) 25 (10.3) 41 (16.9)

HOM 0.20

No 281 (57.8) 133 (54.7) 148 (60.9)

Yes 205 (42.2) 110 (45.3) 95 (39.1)

Anemia 0.26

No 187 (38.5) 87 (35.8) 100 (41.2)

Yes 299 (61.5) 156 (64.2) 143 (58.8)

GD 0.48

No 352 (72.4) 180 (74.1) 172 (70.8)

Yes 134 (27.6) 63 (25.9) 71 (29.2)

FDP 0.04

No 49 (10.1) 17 (7.0) 32 (13.2)

Yes 437 (89.9) 226 (93.0) 211 (86.8)

Laboratory indicators

PCT (ng/mL) 0.56 [0.20, 1.88] 1.33 [0.54, 2.86] 0.28 [0.12, 0.60] <0.001

WBC (×109/L) 14.48 [12.89, 18.74] 15.55 [14.43, 21.00] 14.48 [11.76, 16.74] <0.001

CRP (mg/L) 2.14 [0.00, 6.00] 2.14 [0.80, 6.20] 2.14 [0.00, 5.55] 0.01

Data are presented as M [Q1, Q3] and n (%). P<0.05 indicates a statistically significant difference. EOS, early-onset sepsis; GA, gestational 
age; BW, birth weight; RR, respiratory rate; YS, yellow staining; NC, nasal congestion; SC, skin cyanosis; AFT, amniotic fluid turbidity; ATF, 
abnormal thyroid function; HOM, history of miscarriage; GD, gestational diabetes; FDP, fever during pregnancy; PCT, procalcitonin; WBC, 
white blood cell count; CRP, C-reactive protein.

Figure 2 LASSO regression cross validation error curve and coefficient path diagram. (A) LASSO regression 10-fold cross-validation error 
curve. (B) LASSO regression coefficient path plot. lambda.min, lambda value at minimum deviation; lambda.1se, one standard error to the 
right of the minimum lambda; LASSO, least absolute shrinkage and selection operator.
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test sets were plotted for each model. Notably, the CatBoost 
model demonstrated the highest ROCAUC values of 0.999 
and 0.975 for the training and test sets, respectively, as 
shown in Figure 3A,3B. The performance metrics including 

ROCAUC, F1 score, accuracy, recall, specificity, and 
precision were calculated from the confusion matrices of 
multiple models, with CatBoost consistently outperforming 
the others, as summarized in Table 2.
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Figure 3 ROC and PR curves of multiple models and DCA and calibration curves of CatBoost mode. (A) ROC curves of multiple models 
in the training set. (B) ROC curves of multiple models in the test set. (C) PR curves of multiple models in the training set. (D) PR curves of 
multiple models in the test set. (E) Test set DCA curve. (F) Test set calibration curve. CatBoost, Categorical Boosting; ROCAUC, receiver 
operating characteristic area under the curve; RF, random forest; XGBoost, eXtreme Gradient Boosting; MLP, multilayer perceptron; SVM, 
support vector machine; LR, logistic regression; PR, precision-recall.
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The PR curves for EOS occurrences in the training and 
test sets of various models are plotted, with the CatBoost 

model achieving the highest PRAUC scores of 0.999 and 

0.947 in the training and test sets respectively, as shown in 

Figure 3C,3D.
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Table 2 Performance indicators of multiple models with EOS occurring in the test sets

Performance index ROCAUC F1 score Accuracy Recall Specificity Precision

CatBoost 0.975 0.842 0.917 0.889 0.926 0.800 

RF 0.968 0.821 0.907 0.852 0.926 0.793 

XGBoost 0.952 0.821 0.907 0.852 0.926 0.793 

MLP 0.945 0.772 0.880 0.815 0.901 0.733 

SVM 0.930 0.755 0.880 0.741 0.926 0.769 

LR 0.926 0.737 0.861 0.778 0.889 0.700 

EOS, early-onset sepsis; ROCAUC, receiver operating characteristic area under the curve; CatBoost, Categorical Boosting; RF, random 
forest; XGBoost, eXtreme Gradient Boosting; MLP, multilayer perceptron; SVM, support vector machine; LR, logistic regression.

Figure 4 Correlation analysis and learning curve of CatBoost model features. (A) Feature correlation analysis chart. (B) Learning curve. 
YS, yellow staining; NC, nasal congestion; AFT, amniotic fluid turbidity; RR, respiratory rate; PCT, procalcitonin; WBC, white blood cell 
count; CatBoost, Categorical Boosting.
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Analysis of DCA curve and calibration curve

Draw the DCA curve and calibration curve for the CatBoost 
model on the test set for EOS occurrences. The DCA 
curve shows that the model can provide a higher net benefit 
for clinical applications over a wide range of threshold 
probabilities (with threshold probability on the x-axis and 
net benefit on the y-axis), as shown in Figure 3E. The 
calibration curve demonstrates good agreement between 
the predicted curve and the ideal curve (with predicted 
probability on the x-axis and actual probability on the y-axis), 
as illustrated in Figure 3F.

Learning curve analysis

The correlation coefficients among the seven features 
were all below 0.3, and the correlation among features 
is illustrated in Figure 4A. The learning curve of the 
CatBoost model on the training set indicates good model 
fitting (with the number of training set samples on the x-axis 
and the model accuracy on the y-axis). The two learning 
curves gradually converge as the number of training 
samples increases, suggesting that the model is well-fitted 
and possesses good generalization ability, as shown in  
Figure 4B.
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Model interpretation based on SHAP values

Analysis of feature importance and its impact on 
prediction results of CatBoost model based on SHAP 
values
The SHAP method offers a visual explanation scheme by 
plotting a summary plot based on SHAP values to visualize 
the individual impact of all features on the prediction 
results, as shown in Figure 5A. Here, the SHAP values are 
on the horizontal axis, and the features are on the vertical 
axis. Each point represents the SHAP value of a feature for 
a sample, with these points categorized and arranged by 
features. The redder the color, the higher the feature value, 
and the bluer the color, the lower the feature value. The 

results show that the most important feature ranked first for 
model prediction is RR, indicating its greatest contribution 
to the model prediction. When a patient’s RR is high, 
it mostly makes a negative contribution to the model 
prediction, and when it is low, it mostly makes a positive 
contribution.

Decision analysis of CatBoost model based on SHAP 
values 
Plotting a decision graph based on SHAP values is used to 
visualize the process of the model making decisions for all 
patient data instances in the entire test set. As can be seen 
from Figure 5B, the model makes all predictions based on 
the contributions of individual features. From bottom to 

Figure 5 Explanation of CatBoost model based on SHAP values. (A) Summary plot based on SHAP values. (B) Decision diagram based on 
SHAP values. (C-F) The dependency graphs between the model features (RR, PCT, fever, WBC) based on SHAP values and the predicted 
results, respectively. (G) The SHAP waterfall plot predicted by the model for positive patients. (H) The SHAP waterfall plot predicted by 
the model for negative patients. RR, respiratory rate; PCT, procalcitonin; NC, nasal congestion; YS, yellow staining; WBC, white blood cell 
count; AFT, amniotic fluid turbidity; SHAP, SHapley Additive exPlanations.
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top in the decision-making process, the contributions of 
features are added sequentially until the final prediction is 
made at the top.

Feature dependence analysis of CatBoost model based 
on SHAP values 
Drawing a dependency graph between the features (RR, PCT, 
fever, WBC) and prediction outcomes based on SHAP values. 
Figure 5C shows that when the RR is below 55 breaths per 
minute, it contributes positively to the model’s prediction, and 
negatively above 55 breaths per minute. Figure 5D indicates 
that PCT contributes negatively to the model’s prediction 
when it is below approximately 0.8 ng/mL, and positively 
above 0.8 ng/mL. Figure 5E displays that fever contributes 
positively to the model’s prediction, while the absence of fever 
contributes negatively. Figure 5F shows that WBC mostly 
contributes negatively to the model’s prediction when it is 
below 15×109/L, and mostly positively above 15×109/L.

Single sample explanation 

Drawing a waterfall plot for a single patient’s risk of 
EOS based on SHAP values (where red indicates positive 
contributions from features, blue indicates negative 
contributions, and the width of the bars represents the 
magnitude of each feature’s contribution). Figure 5G shows 
the SHAP waterfall plot for a patient predicted to be 
positive by the model. It can be observed that despite WBC 
featuring a significant negative contribution in the model’s 
prediction, RR, YS, and NC all contributed positively, 
ultimately leading to the patient being predicted as positive. 
Figure 5H presents the SHAP waterfall plot for a patient 
predicted to be negative by the model. In the process of 
predicting this patient as negative, RR and nasal congestion 
made substantial negative contributions.

Discussion

Although the diagnostic criteria for NS in China have 
been continuously optimized and are actively guiding 
clinical practice, new challenges persist. The clinical 
utility of biomarkers, notably CRP, WBC, and PCT, 
remains debated (32). Poor responsiveness is a key clinical 
feature of EOS, but accurately identifying it is complex 
due to potential confounding factors such as sleep states, 
hypoxemia, and hypoglycemia (33). These factors complicate 
clinical assessment and increase the risk of misdiagnosis. 
Consequently, the pursuit of an early and precise diagnostic 

approach that integrates clinical manifestations and laboratory 
examination for neonatal EOS has become a shared goal 
among healthcare professionals. Globally, AI technology 
experienced an unprecedented surge in development, with 
ML-based clinical prediction models becoming ubiquitous 
in diagnosing and assessing the prognosis of various 
diseases, including cancer, diabetes, and severe infections 
(34,35). However, the “black box” nature of these models 
posed significant challenges in explaining their internal 
workings and prediction logic. This lack of transparency is 
particularly problematic in medicine, where practitioners 
need clear insights into how models generate predictions 
based on patient-specific attributes and which features most 
influence outcomes. Consequently, integrating ML with 
medical diagnostics while enhancing interpretability through 
techniques like SHAP became a critical research focus. Based 
on Shapley values introduced by Shapley in 1952 (36), SHAP 
values precisely measure each feature’s contribution to the 
prediction, revealing feature interactions and providing a 
comprehensive explanation of the model’s decision process. 
This approach enhances model transparency and improves 
diagnostic accuracy and clinical decision-making.

ML models each possess unique strengths (37): SVM 
excels in high-dimensional data classification and is 
suitable for small sample sets; LR is concise and easy to 
understand, making it ideal for linearly separable problems; 
RF enhances prediction stability and accuracy through 
integrating multiple decision trees, displaying robustness 
against noise; XGBoost optimizes the gradient boosting 
method for computational efficiency and automatic 
data issue handling; MLP is versatile in fitting complex 
patterns but prone to overfitting; CatBoost, also based on 
gradient boosting, specifically optimizes categorical feature 
processing, reducing overfitting risks, and is particularly 
adept at classification tasks. Given the distinct advantages 
and limitations of these models, the choice of an appropriate 
model necessitates consideration of the specific problem 
characteristics, data scale, and computational resources. In 
this study, we utilized LASSO regression to select features 
with the greatest predictive power for the outcome variable, 
ultimately ranking the features in order of importance as 
RR, PCT, NC, YS, WBC, fever, and AFT. These features 
were then employed to construct SVM, LR, RF, XGBoost, 
MLP, and CatBoost ML models. While the traditional 
LR model demonstrated commendable performance, the 
other ML models, particularly CatBoost, outperformed 
it significantly. The CatBoost model achieved a test set 
ROCAUC of 0.975, accuracy of 0.917, sensitivity (recall) 
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of 0.889, specificity of 0.926, precision of 0.800, and F1 
score of 0.842, slightly surpassing the accuracy of 87.07%, 
sensitivity of 83.33%, and specificity of 92.00% reported 
in domestic studies on neonatal EOS prediction models. 
The PR curves of each model in this study also indicated 
that the CatBoost model performed best. The calibration 
curve demonstrated good agreement, and the DCA curve 
suggested that the model could provide substantial net 
benefit for clinical applications. Furthermore, the learning 
curve showed good model fitting, indicating robust 
generalization ability.

The CatBoost model’s beeswarm plot based on SHAP 
values in this study revealed that increased PCT and 
WBC levels, along with the presence of fever, positively 
contributed to predicting EOS, while elevated RR, NC, 
YS, and turbid amniotic fluid (pregnant woman) were 
more likely to predict non-EOS. The CatBoost model’s 
decision plot based on SHAP values provided a more 
intuitive visualization of the entire decision-making process, 
highlighting RR as a crucial factor ranking first in SHAP 
value order. Additionally, the CatBoost model’s feature 
dependence analysis chart showed that neonatal RR had 
a positive contribution to model predictions when below 
55 breaths per minute, but a negative contribution above 
this threshold. One of the common clinical manifestations 
in neonatal EOS is increased RR. This is due to sepsis 
causing a systemic inflammatory response, which leads to 
symptoms such as tachycardia and tachypnea. Infection and 
inflammation increase metabolic demands, and the body 
may compensate by increasing RR to meet higher oxygen 
demands. However, it is noteworthy that in newborns, 
especially premature infants or those with very low birth 
weights, the clinical manifestations may be atypical when 
facing severe infections or illnesses, and they may exhibit 
decreased RR or other non-specific symptoms. Fever was 
more common in EOS neonates, consistent with previous 
studies (6,38). The presence of nasal congestion, yellow 
staining, and turbid amniotic fluid (Pregnant woman) 
was more likely to predict non-EOS, potentially due to 
clinical staff’s proactive interventions upon observing these 
symptoms, thereby reducing the occurrence of EOS. PCT 
and WBC are non-specific laboratory indicators for EOS. 
While PCT, as an infection marker, rises rapidly during 
bacterial infections (39), its early physiological elevation 
in neonates limits its diagnostic accuracy for EOS (40). In 
this study, PCT elevations to around 0.8 ng/mL positively 
contributed to EOS prediction, indicating that PCT still 
holds some value in predicting neonatal EOS, in line with 

previous research (41). WBC, a commonly used indicator, 
has low sensitivity and cannot be solely relied upon for 
diagnosing NS (42). In this study, WBC values below 
15×109/L mostly had a negative contribution to model 
predictions, while values above 15×109/L shifted to a 
positive contribution. Neonatal EOS is not a single, static 
disease but a dynamic, continuous inflammatory response. 
This dynamic nature underscores the inadequacy of relying 
solely on a single biomarker for diagnosis, as different 
pathogens, immune statuses, and sepsis durations alter the 
systemic immune response (6), emphasizing the importance 
of multi-indicator comprehensive assessments.

This study has certain limitations: (I) the small amount 
of data included in the study failed to provide more detailed 
explanations for the prediction results, and being a single-
center study, there is potential bias in the research results. It 
is necessary to conduct larger-scale, multi-center studies for 
further verification; (II) a web calculator for neonatal EOS 
based on clinical diagnostics was not developed to provide 
real-time predictions for clinical NICU patients, which 
would be more conducive to timely clinical diagnosis and 
treatment as well as evaluation of treatment effects. These 
are key directions for our future research work. 

Conclusions

In summary, the present study successfully devised a 
ML model tailored for predicting EOS among neonates 
admitted to the NICU. The employment of SHAP 
methodology significantly enhances the transparency of this 
intricate model by elucidating its prediction outcomes (43).  
Notably, crucial clinical indicators including RR, nasal 
congestion, yellow staining, fever, and turbid amniotic fluid 
status can be readily assessed upon neonatal admission. 
Furthermore, prompt acquisition of PCT and WBC counts 
through the expedited emergency laboratory pathway 
subsequent to routine blood sampling, as per clinical 
directives, facilitates the integration of these biomarkers 
into the model. Consequently, the application of these 
comprehensive data inputs to the model yields predictive 
SHAP values, empowering clinicians to accurately identify 
EOS in neonates at an early stage during their hospital stay. 
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