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Preterm birth (PTB), defined as delivery before 37 weeks, affects 15 million infants annually, 
accounting for 11% of live births and over 35% of neonatal deaths. While advanced maternal age 
(≥ 35 years) is a known risk factor, PTB risk in women under 35 is underexplored. This study aimed 
to develop a machine learning-based model for PTB prediction in women under 35. A retrospective 
cohort of 2606 cases (2019–2022) equally split between full-term and preterm births was analyzed. 
Logistic Regression, LightGBM, Gradient Boosting Decision Tree (GBDT), and XGBoost models were 
evaluated. External validation was conducted using 803 independent cases (2023). Model performance 
was assessed using area under the curve (AUC), accuracy, sensitivity, and specificity. SHAP (SHapley 
Additive exPlanations) values were used to interpret model predictions. The XGBoost model 
demonstrated superior performance with an AUC of 0.893 (95% CI: 0.860–0.925) on the validation set. 
In comparison, Logistic Regression, LightGBM, and GBDT achieved AUCs of 0.872, 0.840, and 0.879, 
respectively. External validation of the XGBoost model yielded an AUC of 0.91 (95% CI: 0.889–0.931). 
SHAP analysis highlighted seven key predictors: alkaline phosphatase (ALP), alpha-fetoprotein (AFP), 
hemoglobin (HGB), urea (UREA), lymphocyte count (Lym1), sodium (Na), and red cell distribution 
width coefficient of variation (RDWCV). The XGBoost model provides accurate PTB risk prediction and 
key insights for early intervention in women under 35, supporting its potential clinical utility.
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PCT	� Procalcitonin
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PPV	� Positive Predictive Value
NPV	� Negative Predictive Value
Acc	� Accuracy
Sens	� Sensitivity
Spec	� Specificity
WHO	� World Health Organization
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Background
Preterm birth (PTB), defined as childbirth before 37 weeks of gestation, affects approximately 15  million 
infants globally each year, representing 11% of all births1,2. PTB is responsible for over 35% of neonatal deaths3, 
and nearly half of surviving preterm infants face long-term health challenges such as cerebral palsy, sensory 
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impairments, chronic lung disease, and developmental delays. These complications impose a significant burden 
on families and healthcare systems4. In China, the PTB rate is around 7.8%, with over 1  million preterm 
infants born annually5. These infants often experience persistent health issues in respiratory, neurological, and 
gastrointestinal systems, severely impacting their quality of life6 .

Although advanced maternal age (≥ 35 years) is widely recognized as a key risk factor for PTB, the risk 
among women under 35 should not be underestimated. Physiological and socio-economic factors, such as 
teenage pregnancy, malnutrition, and lower socioeconomic status, can increase PTB risk in younger women7. 
Additionally, younger women may have limited access to or awareness of prenatal care, which can exacerbate 
pregnancy complications8. Additionally, younger women may have limited access to or awareness of prenatal 
care, which can exacerbate pregnancy complications.

Accurately predicting and intervening in PTB risk is crucial for improving neonatal health outcomes. 
Traditional methods of PTB prediction often fail to accurately identify high-risk populations. Recently, machine 
learning techniques have shown promise in overcoming these limitations by integrating diverse biomarkers and 
clinical data, thereby enhancing prediction accuracy9. These models facilitate early intervention, which can help 
reduce PTB incidence and its associated complications.

This study aims to develop a machine learning-based predictive model for PTB risk in women under 35, 
utilizing a comprehensive baseline analysis of clinical and biomarker data. By identifying key risk factors, this 
study seeks to improve PTB risk prediction accuracy and create a clinically applicable tool for risk assessment. 
This approach not only has the potential to reduce PTB incidence but also aims to enhance both neonatal and 
maternal health outcomes, thereby contributing to better overall maternal-infant health.

Methods
Data sources and sample selection
This retrospective study utilized electronic health record (EHR) data from Hangzhou First People’s Hospital, 
Zhejiang Province, China, including pregnant women under 35 years old who received prenatal care or delivered 
between January 2019 and December 2022. Women under 35 were considered low-risk for preterm birth, based 
on guidelines from the World Health Organization (WHO)10and the American College of Obstetricians and 
Gynecologists (ACOG)11, which define 35 years as the threshold for advanced maternal age, associated with 
increased pregnancy risks. A total of 2866 cases were initially included. To balance the preterm birth (PTB) and 
full-term birth (FTB) groups, a structured sampling approach was applied, resulting in 2606 cases (1303 PTB 
and 1303 FTB, Fig. 1). Clinical and laboratory data, including demographic information (age, BMI), liver and 
kidney function indices, complete blood count, and thyroid function, were collected during prenatal visits at 
22–24 weeks of gestation. To mitigate potential selection bias introduced by structured sampling and assess the 
model’s generalizability, an external validation dataset (803 cases: 492 FTB, 311 PTB) collected from January 
2023 to December 2023 provided a temporally distinct cohort for model validation.

Laboratory testing procedures
Basic clinical information, including age, BMI, and medical history, was collected at prenatal visits. Blood samples 
from all participants were obtained at 22–24 weeks of gestation and analyzed in the same hospital laboratory. 
Liver and kidney function markers (ALT, AST, ALP, UREA, creatinine, etc.) were measured using the Beckman 
Coulter AU680 analyzer. Serum AFP was assessed with the Abbott i2000 chemiluminescence analyzer. Thyroid 
function (TSH, FT3, FT4, etc.) and sex hormones (E2, P, T, etc.) were analyzed using the Siemens Atellica system. 
CBC parameters were measured with the Mindray BC-7500 hematology analyzer, while coagulation markers 
were assessed using the Sysmex CS-5000 system. All tests followed standardized protocols and manufacturer 
guidelines to ensure accuracy and reliability.

Inclusion and exclusion criteria
Inclusion criteria were single pregnancies with maternity records established at 22–24 weeks, at least two prenatal 
examinations, and complete clinical and laboratory data. Deliveries between 24 and 36 weeks were classified as 
PTB, while deliveries at 37 weeks or later were classified as FTB. Exclusion criteria included severe comorbidities 
(e.g., hypertension, diabetes), multiple pregnancies, incomplete data, and cases of miscarriage or stillbirth.

Ethical statement
This study was approved by the Ethics Committee (Approval Number: ZN-20240613-019-01) and conducted in 
accordance with the Declaration of Helsinki. Written informed consent was obtained from all participants. Data 
confidentiality and privacy protection policies were strictly followed.

Feature selection
Key predictors of PTB were identified through a dual-step approach. First, baseline comparisons between the 
FTB and PTB groups were performed using Levene’s test, followed by t-tests or Mann-Whitney U tests based on 
data distribution. Significant variables were then analyzed using Lasso regression with L1 regularization to refine 
the selection of features most predictive of PTB. This systematic process ensured robust predictor identification 
for model development.
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Machine learning model development
Multiple machine learning algorithms, including Logistic Regression, LightGBM, GBDT, and XGBoost, were 
evaluated for PTB prediction. The dataset was split into a training set (70%) and a validation set (30%). Feature 
engineering steps included standardization, normalization, and imputation of missing data to ensure data 
quality. Model performance was assessed using metrics such as AUC, PR-AUC, F1 score, accuracy, sensitivity, 
and specificity, with emphasis on PR-AUC and F1 score to address data imbalance.

A 5-fold cross-validation strategy was employed to optimize hyperparameters and improve generalization. 
XGBoost demonstrated superior performance in handling nonlinear relationships and feature interactions 
and was selected as the final model. The optimized XGBoost model was retrained on the entire training set to 
enhance predictive accuracy and robustness.

Model evaluation
The XGBoost model was evaluated on both independent and external validation sets using AUC, PR-AUC, 
F1 score, accuracy, sensitivity, and specificity. AUC measured overall discrimination ability, while PR-AUC 
highlighted performance in identifying PTB cases in imbalanced datasets. Sensitivity and specificity quantified 
the model’s ability to correctly classify PTB and FTB cases, and F1 score provided a balanced assessment of 
sensitivity and precision.

Fig. 1.  Participant FLOW DIAGRAM.
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Variable FTB (n = 1303) PTB (n = 1303) Statistic P-value

Age 29.000[27.000,31.000] 29.000[27.000,32.000] -4.347 < 0.001

BMI 25.649[23.875,27.580] 25.391[23.438,27.430] 2.492 0.013

DBP 73.000[67.000,79.000] 72.000[65.000,79.000] 1.844 0.065

SBP 119.000[111.000,127.000] 120.000[111.000,128.000] -0.747 0.455

AG 1.220[1.140,1.310] 1.210[1.130,1.310] 1.832 0.067

GLB 30.300[28.200,32.500] 30.000[27.800,32.200] 2.364 0.018

GLU 5.240[4.650,5.960] 5.180[4.650,5.910] 0.519 0.604

ALT 10.000[8.000,13.000] 11.000[8.000,15.000] -4.554 < 0.001

AST 18.000[16.000,21.000] 18.000[15.000,22.000] 0.527 0.597

GT 12.000[9.000,16.000] 12.000[9.000,17.000] -0.207 0.835

ALP 190.000[155.000,234.000] 134.000[106.000,168.000] 23.616 < 0.001

ALB 35.400[34.100,36.700] 34.400[32.800,36.000] 11.709 < 0.001

TBIL 7.700[6.400,9.500] 6.800[5.600,8.800] 8.906 < 0.001

IBIL 6.400[5.400,7.900] 5.700[4.700,7.300] 8.966 < 0.001

DBIL 1.300[1.000,1.800] 1.200[0.900,1.700] 3.510 < 0.001

UREA 3.500[3.000,4.100] 3.200[2.600,3.800] 9.064 < 0.001

CREA 56.000[50.000,61.000] 53.000[47.000,58.000] 9.119 < 0.001

UA 314.000[270.000,362.000] 291.000[244.000,350.000] 7.150 < 0.001

MG 0.780[0.740,0.820] 0.780[0.740,0.830] -1.893 0.058

TCHO 6.970[6.160,7.850] 6.640[5.880,7.430] 6.755 < 0.001

LPa 16.000[8.000,30.000] 18.000[10.000,35.000] -3.740 < 0.001

CK 44.000[33.000,62.000] 40.000[28.000,59.000] 5.388 < 0.001

CKMB 9.000[7.000,12.000] 9.000[7.000,11.000] 0.610 0.541

LDH 173.000[155.000,191.000] 170.000[152.000,193.000] 1.294 0.196

AMY 78.000[64.000,94.000] 75.000[62.000,91.000] 2.610 0.009

ASO 45.000[22.000,89.000] 41.000[21.000,79.000] 2.651 0.008

RF 10.000[5.000,10.000] 10.000[6.000,10.000] -1.291 0.144

Na 136.000[135.000,137.000] 137.000[136.000,138.000] -10.290 < 0.001

DBHB 131.650[105.000,196.000] 159.000[115.800,299.000] -7.926 < 0.001

CRP 2.800[1.560,4.900] 2.700[1.500,5.100] 0.290 0.771

TBA 3.100[2.000,4.600] 2.910[1.810,4.510] 1.665 0.096

CG 1.470[1.020,1.950] 1.380[0.850,1.930] 2.754 0.006

TT4 122.370[108.520,139.240] 124.340[109.850,139.700] -0.684 0.494

FT3 4.140[3.810,4.530] 4.220[3.830,4.680] -3.720 < 0.001

FT4 10.220[9.180,11.190] 10.110[9.190,10.990] 1.553 0.120

TSH 2.010[1.400,2.820] 1.710[1.180,2.520] 6.650 < 0.001

AFP 150.900[103.700,208.600] 229.000[160.600,318.000] -18.170 < 0.001

TT 17.300[16.600,18.100] 17.400[16.600,18.100] -0.849 0.396

FIB 4.130[3.670,4.660] 4.190[3.720,4.710] -2.025 0.043

AISI 394.892[264.914,578.560] 428.948[287.763,643.387] -4.057 < 0.001

NLPR 0.051[0.039,0.068] 0.054[0.041,0.072] -3.215 0.001

SII 839.583[626.500,1112.571] 882.000[648.000,1202.538] -2.718 0.007

SIRI 2.125[1.526,3.000] 2.218[1.647,3.200] -2.640 0.008

NLR 4.571[3.538,5.833] 4.474[3.550,6.000] -0.218 0.828

PLR 129.286[104.444,159.091] 127.273[102.500,160.833] 0.217 0.828

LMR 3.000[2.500,3.800] 3.000[2.400,3.800] 0.453 0.650

Dnlr 1.364[1.294,1.462] 1.375[1.294,1.471] -1.369 0.171

WBC 8.600[7.300,10.200] 9.100[7.700,10.700] -5.203 < 0.001

Neu 76.800[72.800,80.600] 76.700[72.900,81.100] -0.845 0.398

Lym 16.800[13.600,20.400] 17.000[13.200,20.400] 0.781 0.435

Mon 5.400[4.600,6.300] 5.400[4.600,6.300] -0.082 0.935

Eos 0.500[0.300,0.800] 0.600[0.400,1.000] -5.506 < 0.001

Bas 0.200[0.100,0.200] 0.200[0.100,0.200] -1.191 0.210

Neu1 6.600[5.400,8.000] 6.900[5.700,8.400] -4.456 < 0.001

Lym1 1.400[1.200,1.700] 1.500[1.200,1.800] -4.073 < 0.001

Mon1 0.500[0.400,0.600] 0.500[0.400,0.600] -4.404 < 0.001

Continued

Scientific Reports |        (2025) 15:10213 5| https://doi.org/10.1038/s41598-025-92814-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Model interpretation and clinical application
To enhance interpretability, SHAP (SHapley Additive exPlanations) values were used to quantify the contribution 
of individual features to PTB predictions. This provided a transparent understanding of how factors like age, 
BMI, and biochemical markers influence model output, offering actionable clinical insights.

An online prediction tool was developed to facilitate the clinical application of the XGBoost model. This 
user-friendly interface enables healthcare professionals to input patient data and receive real-time PTB risk 
assessments, supporting timely and informed prenatal care decisions. The tool integrates seamlessly into clinical 
workflows, advancing precision medicine in maternal health.

Statistical analyses
All statistical analyses were conducted using R software on Windows and the Deepwise and Beckman Coulter 
DxAI platform (https://www.xsmartanalysis.com/beckman/login/). Continuous variables were reported 
as mean ± standard deviation (SD) or median with interquartile range (IQR), and categorical variables were 
expressed as frequencies and percentages. Normality was assessed using the Shapiro-Wilk test. Independent 
samples t-tests or Mann-Whitney U tests were applied for continuous variables, while Chi-square or Fisher’s 
exact tests were used for categorical variables. Statistical significance was defined as p < 0.05.

Results
Population characteristics
A total of 2606 pregnant women under the age of 35 were included in this study, with 1303 cases in each of 
the PTB and FTB groups. Baseline analysis revealed significant differences in various clinical and laboratory 
parameters between the two groups. A total of 32 variables, including demographic information, liver and 
kidney function indices, blood glucose and lipids, cardiac enzymes, biochemical markers, and thyroid function 
indices, were analyzed.

Notably, several variables showed statistically significant differences between the PTB and FTB groups 
(p < 0.05). For instance, the median age in the PTB group was 29 years (IQR 27–32 years), compared to 29 years 
(IQR 27–31 years) in the FTB group, with a significant difference (p < 0.001). Similarly, the median BMI was 
25.391 in the PTB group, while in the FTB group, it was 25.649 (p = 0.013). Significant differences were also 
observed in liver function indices, such as ALT and ALB, kidney function markers like UREA and CREA, and 
blood lipids, particularly TCHO (p < 0.001).

The PTB group exhibited higher ALT and ALB levels, suggesting potential liver dysfunction, while elevated 
UREA and CREA levels indicated renal stress. Additionally, increased TCHO levels in the PTB group may reflect 
altered lipid metabolism, which could contribute to PTB risk. These findings suggest that the identified clinical 
and laboratory markers could be associated with an increased risk of PTB, as detailed in Table 1.

Identification of key predictors for PTB risk
Lasso regression was applied for feature selection due to its ability to reduce model complexity and prevent 
overfitting through L1 regularization. A key advantage of Lasso regression is its capacity to automatically identify 
the most influential predictors, thereby improving model interpretability and stability. In this study, Lasso 
regression was used to identify significant predictors of PTB, with an optimal λ value of 0.014.

The selected variables included age, GLB, ALT, ALP, ALB, IBIL, UREA, CREA, TCHO, Na, DBHB, FT3, 
TSH, AFP, FIB, AISI, WBC, absolute neutrophil count (Neu1), absolute lymphocyte count (Lym1), absolute 
eosinophil count (Eos1), HGB, MCHC, RDWCV, and PLT. The coefficients resulting from the Lasso regression 
are shown in Fig. 2A, and the cross-validation curve is presented in Fig. 2B.

Variable FTB (n = 1303) PTB (n = 1303) Statistic P-value

Eos1 0.040[0.020,0.070] 0.050[0.030,0.090] -7.150 < 0.001

Bas1 0.010[0.010,0.020] 0.020[0.010,0.020] -3.354 < 0.001

HGB 128.000[121.000,136.000] 123.000[115.000,130.000] 13.164 < 0.001

MCV 94.200[91.000,97.200] 93.900[90.700,96.900] 1.356 0.175

MCHC 336.000[330.000,342.000] 338.000[331.000,345.000] -4.682 < 0.001

RDWCV 13.000[13.000,14.000] 13.000[13.000,14.000] 8.064 < 0.001

PLT 186.000[155.000,218.000] 194.000[163.000,226.000] -4.175 < 0.001

PCT 0.185[0.162,0.213] 0.188[0.164,0.216] -1.774 0.076

PDW 16.500[16.200,16.700] 16.400[16.100,16.700] 4.743 < 0.001

Table 1.  Baseline characteristics of the study population. Values are expressed as median [IQR] for continuous 
variables and as frequencies and percentages for categorical variables. Statistical comparisons were made using 
t-tests for normally distributed variables, Mann-Whitney U tests for non-normally distributed variables, and χ² 
tests for categorical variables. Significance level: p < 0.05.
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Fig. 2.  LASSO Regression Analysis. (A) Coefficient Profiles. This plot displays the LASSO regression 
coefficient profiles for different values of the regularization parameter (Log Lambda). Each colored line 
represents the trajectory of a coefficient for a specific feature as the regularization strength increases. (B) 
Binomial Deviance. This plot shows the binomial deviance of the LASSO regression model as a function of the 
regularization parameter (Log Lambda). The vertical dashed lines indicate the values of lambda that minimize 
the binomial deviance (left) and the one-standard-error rule (right). The red dots represent the binomial 
deviance for each lambda value, with error bars indicating the standard error.

 

Scientific Reports |        (2025) 15:10213 7| https://doi.org/10.1038/s41598-025-92814-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 3.  ROC curves on the validation set. ROC curves for predicting preterm birth (PTB) risk on the 
validation set. Models and AUC values (95% CI) are: XGBoost (0.911, 0.887-0.935), Logistic Regression (0.872, 
0.842-0.902), LightGBM (0.840, 0.806-0.873), and GBDT (0.879, 0.849-0.908).

 

Model AUC 95%CI cutoff Acc Sens Spec PPV NPV F1 Score Kappa

XGBoost 0.911 [0.887–0.935] 0.483 0.837 0.849 0.841 0.835 0.844 0.841 0.675

logistic 0.872 [0.842–0.902] 0.496 0.795 0.807 0.799 0.796 0.794 0.800 0.589

LightGBM 0.840 [0.806–0.873] 0.499 0.779 0.796 0.778 0.780 0.779 0.788 0.559

GBDT 0.879 [0.849–0.908] 0.792 0.799 0.794 0.832 0.833 0.777 0.812 0.597

Table 2.  Performance metrics of machine learning models for PTB prediction on the validation set. 
Acc = Accuracy; Sens = Sensitivity; Spec = Specificity; PPV = Positive Predictive Value; NPV = Negative 
Predictive Value.
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Following feature selection, these predictors were used in subsequent analyses to assess their impact on PTB 
risk. The selected features were incorporated into various machine learning models, improving the accuracy of 
PTB risk prediction.

Performance comparison of machine learning models
Various machine learning models—Logistic Regression, LightGBM, GBDT, and XGBoost—were evaluated 
for predicting preterm birth (PTB) risk. Model performance was assessed on the validation set using multiple 
metrics, including AUC, accuracy, sensitivity, specificity, PPV, NPV, F1 score, and Kappa value. Among these, 
XGBoost demonstrated the best overall performance, achieving an AUC of 0.911 (95% CI: 0.887–0.935), 
alongside strong predictive metrics summarized in Table 2. These results highlight XGBoost’s superior ability to 
discriminate between PTB and full-term birth (FTB) cases.

In comparison, the other models showed slightly inferior performance on the validation set. Logistic 
Regression achieved an AUC of 0.872 (95% CI: 0.842–0.902), LightGBM had an AUC of 0.840 (95% CI: 0.806–
0.873), and GBDT achieved an AUC of 0.879 (95% CI: 0.849–0.908). Despite reasonable performance across 
these models, none surpassed XGBoost in terms of overall predictive power.

To further validate the XGBoost model, ROC curves were analyzed. The ROC curve for both training and 
validation datasets confirmed excellent discriminative ability (Fig. 3), with consistent AUC values indicating the 
model’s robustness. These findings collectively validate the XGBoost model as a reliable and accurate approach 
for PTB risk prediction, demonstrating its potential for clinical application in identifying high-risk pregnancies.

Predictive model development and validationn
The XGBoost algorithm was applied to predict preterm birth (PTB) risk using a dataset of 2606 samples. A 
test set comprising 781 samples (30%) was randomly selected, with the remaining data used for 5-fold cross-
validation during model training. Feature importance analysis and evidence-based selection identified seven 
significant predictors: ALP, AFP, HGB, UREA, Lym1, Na, and RDWCV.

The XGBoost model exhibited robust predictive performance, achieving an AUC of 0.950 (95% CI: 0.940–
0.960) on the training set, 0.893 (95% CI: 0.860–0.925) on the validation set, and 0.890 (95% CI: 0.868–0.913) 
on the test set. The similarity of AUC values across datasets confirmed that the model was well-fitted and did 
not exhibit overfitting. Additionally, the learning curve indicated stable performance as training sample size 
increased, reflecting strong generalization capability (Supplementary Table 1, Fig. 4A-C).

For external validation, the model was tested on an independent dataset collected during a different time 
period. The XGBoost model achieved an AUC of 0.91 (95% CI: 0.889–0.931), slightly exceeding its performance 
on the internal test set. The consistent results across internal and external datasets demonstrated the model’s 
robustness and applicability to different populations and temporal contexts (Supplementary Table 2, Fig. 5A-C).

Explaining model insights and practical use
SHAP (SHapley Additive exPlanations) values were used to interpret the XGBoost model’s predictions, 
highlighting the contributions of seven key predictors: ALP, AFP, HGB, UREA, Lym1, Na, and RDWCV. 
Figure 6A visualizes the SHAP value distribution for these predictors, where red dots indicate high feature values 
and blue dots indicate low values. Figure 6B ranks the predictors by mean SHAP values, with ALP and AFP 
showing the strongest positive associations with PTB risk, while HGB and UREA exhibited protective effects.

This analysis provides actionable insights into how feature variations influence PTB risk. For instance, higher 
UREA values were linked to reduced risk, as reflected by negative SHAP values. These findings enhance the 
model’s interpretability, offering clinicians a clear understanding of predictor impact.

To facilitate clinical use, an online prediction tool was developed. By integrating the XGBoost model, the 
tool enables healthcare professionals to input patient data for real-time PTB risk assessments. Its user-friendly 
interface supports rapid evaluations, aiding personalized prenatal care. The tool is accessible at: ​h​t​t​p​:​​​/​​/​w​w​​w​.​x​s​m​
a​r​t​a​n​a​l​y​s​​i​​s​.​c​​o​​m​/​m​o​d​​​e​l​/​l​​i​s​​t​/​p​r​e​​d​​i​c​t​/​​m​​o​d​e​l​/​​​h​t​m​​l​?​​m​i​d​=​​1​​5​1​2​3​&​​s​y​m​b​o​l​=​5​s​W​1​7​a​M​1​5​7​4​2​D​f​8​p​Y​9​9​4.

Discussion
This study applied various machine learning models, particularly the XGBoost model, to predict the risk of PTB. 
The XGBoost model demonstrated superior performance, achieving AUCs of 0.950, 0.893, and 0.890 on the 
training, validation, and test sets, respectively. SHAP value analysis confirmed the importance of seven variables: 
ALP, AFP, HGB, UREA, Lym1, Na, and RDWCV. These predictors provide actionable insights for clinicians, 
enabling early identification of high-risk pregnancies and guiding timely interventions to reduce PTB incidence.

Compared to traditional statistical methods, the XGBoost model outperformed Logistic Regression in 
predictive accuracy. Previous studies using Logistic Regression models typically report AUCs ranging from 0.75 
to 0.85. In contrast, the XGBoost model achieved an AUC of 0.893 on the validation set, representing a significant 
improvement12–14. This enhancement reflects XGBoost’s ability to model complex, nonlinear relationships and 
interactions between variables more effectively than traditional approaches15. Additionally, external validation 
showed that the XGBoost model achieved an AUC of 0.91 on an independent dataset, further validating the 

Fig. 4.  ROC Curves for XGBoost Model Performance. (A)Training Set ROC Curve: The ROC curve for the 
XGBoost model on the training set, with an AUC of 0.950 (95% CI: 0.940-0.960).
(B) Validation Set ROC Curve: The ROC curve for the XGBoost model on the validation set, with an AUC of 
0.893 (95% CI: 0.860-0.925). (C)Test Set ROC Curve: The ROC curve for the XGBoost model on the test set, 
with an AUC of 0.890 (95% CI: 0.868-0.913).
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model’s robustness and generalization capability. Although the AUC for the external dataset was slightly lower 
than that for the internal validation set, the overall performance remained excellent, indicating the model’s 
applicability across different time periods and populations.

The identification of biomarkers such as ALP, AFP, and UREA aligns with findings from previous studies, 
emphasizing their importance in PTB risk assessment. Elevated AFP levels have been linked to increased PTB 
risk, as corroborated by our results, where AFP ranked second in predictive importance16. This association likely 
stems from AFP’s role in placental function and fetal development17. Similarly, elevated ALP levels, which may 
be associated with placental dysfunction, infection, sepsis, and underlying inflammatory and oxidative stress 
mechanisms, emerged as a critical predictor of PTB risk, reinforcing prior research findings18–20.

This study also provides novel insights by identifying unique associations. For example, the significant 
relationship between lymphocyte count (Lym1) and PTB risk diverges from some previous studies that found 
no notable association with lymphocyte markers21. This suggests a potential role of maternal immune status in 
PTB pathophysiology, warranting further investigation.

Interestingly, the inverse relationship observed between UREA levels and PTB risk offers a new perspective. 
Lower urea levels may indicate better maternal metabolic and nutritional status, contributing to a stable 
intrauterine environment that reduces PTB risk. This contrasts with earlier findings22,23, highlighting the need 
for additional research to explore this physiological mechanism24.

The significance of RDWCV in PTB prediction was also consistent with existing research. High RDWCV 
levels have been associated with inflammation and oxidative stress, which are important risk factors for PTB25,26. 
Our study confirmed these findings using a machine learning model, indicating that RDWCV can serve as a 
reliable predictor of PTB risk25–28. Elevated RDWCV may reflect chronic inflammation and oxidative stress in 
the body, key factors in PTB risk29,30.

Similarly, abnormal sodium (Na) levels were identified as significant predictors, corroborating earlier 
studies linking electrolyte imbalances to adverse pregnancy outcomes. These imbalances may signal underlying 
conditions such as fluid dysregulation, which could contribute to PTB risk31,32.

This study’s key contribution lies in leveraging advanced machine learning techniques for PTB prediction 
while ensuring model interpretability through SHAP analysis. By quantifying the influence of individual 
predictors, SHAP enhances the model’s clinical utility, offering clinicians a transparent and reliable decision-
support tool. Furthermore, the development of an online prediction tool integrates these insights into a user-
friendly platform, facilitating real-time risk assessment and personalized prenatal care.

In conclusion, this research demonstrates the value of machine learning models like XGBoost in improving 
PTB risk prediction. The integration of SHAP analysis provides actionable insights, enhancing clinical decision-
making. These findings underscore the importance of leveraging advanced analytical methods to identify high-
risk pregnancies early, ultimately contributing to improved maternal and neonatal health outcomes.

Limitations and future directions
This study has several limitations. First, as a single-center retrospective analysis from Hangzhou First People’s 
Hospital, the findings may lack generalizability to other regions or populations. Although external validation 
was conducted to assess generalizability, the structured sampling approach may introduce selection bias. 
Additionally, the relatively small sample size may limit the model’s predictive robustness, especially when applied 
to broader or more diverse populations. Second, important factors such as genetic and environmental influences 
were not included, which may affect the model’s predictive accuracy. Finally, while the model showed high AUC 
values, its practicality and cost-effectiveness in clinical use require further evaluation.

Future research should expand the sample size and include multicenter data to improve generalizability. 
Incorporating additional variables, such as genetic and environmental factors, could enhance predictive 
accuracy. Validating the model in clinical applications and assessing its real-world effectiveness and cost-
efficiency are essential next steps. Applying the model in early pregnancy may enable earlier identification of 
high-risk individuals, facilitating timely interventions to reduce PTB risk.

Conclusion
This study effectively predicted the risk of PTB in women under 35 years old using various machine learning 
models, particularly the XGBoost model. The integration of SHAP value analysis provides clear insights into the 
role of individual variables, enhancing the model’s interpretability and clinical utility. By leveraging advanced 
analytical methods, this research improves the early identification and management of high-risk pregnancies, 
ultimately contributing to better maternal and neonatal health outcomes. Further validation and refinement of 
our model will be essential for its integration into routine clinical practice, paving the way for more effective and 
personalized maternal-infant healthcare.

Fig. 5.  External Validation of XGBoost Model. (A) ROC curve for the external validation set: The ROC curve 
for the XGBoost model on the external validation set, with an AUC of 0.91 (95% CI: 0.889-0.931). (B) Test 
Set Decision Curve: The calibration curve showing consistency between predicted probabilities and actual 
incidence for the external validation set. (C) Calibration plots for the external validation set: The calibration 
curve showing consistency between predicted probabilities and actual incidence for the external validation set.

◂

Scientific Reports |        (2025) 15:10213 12| https://doi.org/10.1038/s41598-025-92814-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 6.  SHAP Analysis of Feature Importance. (A) SHAP Value Distribution: This plot illustrates the SHAP 
values for individual predictions of the XGBoost model, showcasing the impact of each feature on the output. 
Each dot represents a SHAP value for a feature in a specific prediction. Red dots indicate high feature values, 
while blue dots represent low feature values. (B) Mean SHAP Values: This bar chart displays the average SHAP 
values for each feature, highlighting their overall contribution to the model’s predictions. Higher mean SHAP 
values indicate greater importance in predicting PTB risk.
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Data availability
All data generated or analyzed during this study are included in this published article and its supplementary 
information files.
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