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Purpose: To analyze the risk factors for preterm birth in patients with early-onset preeclampsia (EOPE) based on multi-algorithm 
machine learning and to construct a predictive model to explore the predictive value of the model.
Methods: A retrospective analysis was conducted on 442 EOPE patients from a single tertiary center, divided into preterm birth (<37 weeks, 
n=358) and term-born (≥37 weeks, n=84) groups. Univariate analysis, random forest importance assessment, lasso regression combined with 
multivariate regression analysis were used for feature evaluation. Eight machine learning models were trained (70% data) and validated (30% 
data). A Stacking ensemble model was constructed, and SHapley Additive exPlanations (SHAP) was used for feature interpretation.
Results: The area under the receiver operating characteristic curve (AUROC) for predicting preterm birth in EOPE patients using 
Logistic Regression, Gaussian Naive Bayes, Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine, Support 
Vector Machine (SVM), Gradient Boosting Decision Tree (GBDT), Multi-Layer Perceptron, and Elastic Net were 0.763, 0.712, 0.821, 
0.832, 0.821, 0.842, 0.784, and 0.763, respectively. The Stacking model (XGBoost+GBDT+SVM) achieved superior performance 
(AUROC=0.865). Three independent risk factors were identified: fetal growth restriction (aOR=3.50, p = 0.047), serum cystatin 
C (aOR=11.27, p = 0.018), and C-reactive protein (aOR=1.37, p < 0.001). SHAP analysis revealed GBDT as the top contributor to 
Stacking predictions, with microalbunminuria (GBDT, XGBoost) and age (SVM) being the most influential features.
Conclusion: Machine learning models can serve as reliable assessment tools for predicting the risk of preterm birth in patients with 
EOPE. The ensemble prediction model demonstrates the best predictive performance, helping obstetricians identify high-risk patients 
and perform early intervention to improve perinatal outcomes.
Keywords: machine learning, preterm birth, early-onset preeclampsia, clinical prediction model

Introduction
Preeclampsia (PE) is a serious obstetric complication with an incidence of 2%-8%,1 and it represents one of the primary 
contributors to preterm birth (delivery before 37 weeks) and low birth weight infants (<2500g).2–4 as well as a major contributor 
to maternal and perinatal mortality. Despite extensive research, the underlying pathophysiological mechanisms of PE remain 
incompletely understood, and current effective treatment options remain limited primarily to pregnancy termination.5,6

This clinical challenge is further complicated by the recognition that PE manifests differently depending on gestational 
timing at onset. PE is divided into early-onset preeclampsia (EOPE) (occurring before 34 weeks of gestation) and late-onset 
preeclampsia (occurring at 34 weeks of gestation or later). The two subtypes show significant differences in clinical 
significance, long-term prognosis, treatment response, and pathological mechanisms.7,8 Patients with EOPE experience earlier 
onset during critical fetal organ development.9,10 Its pathophysiological hallmarks, including placental hypoperfusion, thyroid 
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dysfunction, and systemic inflammation, create a unique risk environment that disproportionately contributes to global 
preterm birth rates and associated complications.11–13 While numerous risk factors for preterm birth in general PE populations 
have been identified, including maternal age, history of preterm birth, multiple pregnancies, and various maternal 
comorbidities,14–16 the distinct risk profile of EOPE remains understudied. Emerging evidence highlights the pivotal role of 
inflammatory mediators (CRP, fractalkine, MIP-1β) and angiogenic imbalances (sFlt-1/PlGF ratio) in PE pathogenesis. These 
biomarkers not only reflect systemic inflammation linked to placental dysfunction but also correlate with adverse outcomes 
like intrauterine growth restriction and preterm premature rupture of membranes.6,17–19

Previous studies have shown that early screening for preterm birth in pregnant women can reduce its incidence.12,20 

Therefore, there is an urgent need for an accurate predictive model in clinical practice to assess the risk of preterm birth in 
EOPE. In recent years, machine learning algorithms have been widely applied in the medical field with good performance. 
Compared to logistic regression algorithms, the advantages of machine learning lie in its ability to handle high-dimensional 
data and its self-learning capabilities.21 Recent work by Kawakita et al employed machine learning, including XGBoost, to 
predict preterm PE using biomarkers available before 23 weeks. While demonstrating the utility of computational approaches, 
their model focused exclusively on early gestation and general PE, leaving unaddressed the individualized assessment and 
predictive models for the risk of preterm birth in women with EOPE.14 Therefore, through a retrospective study, we aim to 
explore the associated high-risk factors for preterm birth in PE, compare the predictive capabilities of eight machine learning 
algorithms for the risk of preterm birth in patients with EOPE, and attempt to construct a risk assessment tool with optimal 
performance to guide early intervention, aiming to improve pregnancy outcomes.

Materials and Methods
Study Subjects and Data Collection
We conducted a retrospective study on pregnant women who received prenatal care and were hospitalized for delivery at 
Fujian Maternity and Child Health Hospital from January 2012 to January 2023. All data were sourced from the electronic 
medical record system of Fujian Maternity and Child Health Hospital, totaling 4571 cases of PE patients. Inclusion criteria: 
(1) diagnosed with PE; (2) PE diagnosis gestational age ≥ 28 weeks and ≤ 34 weeks; (3) age ≥ 18 years. Exclusion criteria: 
(1) multiple pregnancies; (2) stillbirth or malformation; (3) incomplete clinical data. Based on the inclusion and exclusion 
criteria, a total of 442 cases of EOPE patients were included in the study. They were divided into two groups based on 
whether the gestational age at delivery was term-born birth group (≥ 37 weeks) or preterm birth group (< 37 weeks).

Based on current relevant research and clinical practice,2,6,14,15,17,18 we selected 62 potential predictive factors that 
may affect the risk of preterm birth in EOPE patients. All variables included: demographic and clinical characteristics (8 
variables), such as age, height, pre-pregnancy BMI, gravidity, parity, gestational age at PE diagnosis, systolic blood 
pressure at diagnosis of PE, and diastolic blood pressure at diagnosis of PE. Past medical history and complications (17 
variables): family history of hypertension, scarred uterus, pregnancy with assisted reproductive technology, history of 
abortion, history of preterm birth, history of cervical surgery, history of pelvic surgery, pre-pregnancy diabetes, thyroid 
disease, autoimmune diseases, genital tract malformations, aspirin use during pregnancy, fetal growth restriction (FGR), 
gestational diabetes mellitus (GDM), intrahepatic cholestasis of pregnancy (ICP), polyhydramnios, oligohydramnios. 
Relevant biochemical indicators tested (37 variables): hemoglobin (HB), alkaline phosphatase (ALP), total cholesterol 
(TC), triglycerides (TG), serum glucose (GLU), serum calcium (Ca), serum magnesium (Mg), creatine kinase (CK), 
creatine kinase isoenzyme (CK-MB), lactate dehydrogenase (LDH), creatinine (Cr), urea, uric acid (UA), carbon dioxide 
binding capacity (CO2CP), serum cystatin C (Cys-C), microalbunminuria (MAU), alanine aminotransferase (ALT), 
aspartate aminotransferase (AST), gamma-glutamyl transferase (GGT), cholinesterase (CHE), C-reactive protein (CRP), 
total bile acids (TBA), total bilirubin (TBIL), direct bilirubin (DBIL), indirect bilirubin (IBIL), ferritin (FER), albumin 
(ALB), globulin (GLO), platelet (PLT), fibrin degradation products (FDP), thrombin time (TT), activated partial 
thromboplastin time (APTT), high-density lipoprotein (HDL), low-density lipoprotein (LDL), serum kalium (K), 
serum natrium (Na). All the above biochemical indicators were the most recent results before the diagnosis of PE.

We also analyzed 18 maternal and infant perinatal outcomes, including placental adhesion, placental abruption, spontaneous 
premature rupture of membranes, fetal distress, postpartum hemorrhage, cesarean section delivery, neonatal gestational age, 
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neonatal weight, neonatal length, 1-minute Apgar score, placental weight, umbilical cord length, umbilical cord torsion, small for 
gestational age (SGA), Severe SGA, and low birth weight infants, asphyxia neonatorum and neonates admitted to NICU.

Data Preprocessing
None of the variables in this study exceeded the 30% missingness threshold, with the majority (85%) demonstrating 
missing rates below 5%. Missing values were handled using multiple imputation with chained equations. Continuous 
variables were standardized and categorical variables were encoded to maintain data integrity throughout the preproces
sing pipeline.

Model Establishment and Validation
We first use univariate analysis, random forest importance assessment combined with lasso regression to select feature 
variables. All data in this study are randomly divided into a training set and a validation set in a 7:3 ratio. We optimize 
the model hyperparameters using 5-fold cross-validation combined with grid search. 8 machine learning algorithms are 
used to build models, including Logistic Regression (LR), Gaussian Naive Bayes (GNB), Extreme Gradient Boosting 
(XGBoost), Light Gradient Boosting Machine (LightGBM), Support Vector Machine (SVM), Gradient Boosting 
Decision Tree (GBDT), Multi-Layer Perceptron (MLP), and Elastic Net (EN). 7 metrics are used to evaluate the models 
(training set and validation set), including sensitivity, specificity, accuracy, precision, F1 score, area under the receiver 
operating characteristic curve (AUROC) and area under the precision-recall curve (AUPRC). To achieve better predictive 
performance, a stacking algorithm is used to construct an ensemble model. The SHapley Additive exPlanations (SHAP) 
method is used for interpretability analysis of the model, revealing the contribution of each feature variable to the model.

Statistical Analysis
We use SPSS 26.0 and Python 3.7 for data organization and analysis. Quantitative data are expressed as mean ± standard 
deviation (SD), and t-tests or non-parametric tests are used for analysis based on whether the data follow a normal 
distribution. Qualitative data are expressed as cases (%), and chi-square tests or Fisher’s exact probability method are 
used for analysis. A p value of < 0.05 is considered statistically significant.

Results
Baseline Characteristics
According to the inclusion and exclusion criteria, our study included a total of 442 patients with EOPE, of which 358 
cases (81.00%) experienced preterm birth. Baseline data such as age, history of abortion, aspirin use during pregnancy, 
FGR, ALP, TC, TG, UA, Cys-C, MAU, ALT, AST, GGT, CRP, TBA, and TT were significantly higher in the preterm 
birth group compared to the term-born group (p < 0.05); while Ca and ALB were significantly lower in the preterm birth 
group than in the term-born group (p < 0.01) (Table 1).

The incidence of perinatal outcomes such as placental abruption, fetal distress, cesarean section delivery, SGA, severe 
SGA, low birth weight infants, and neonates admitted to NICU was significantly higher in the preterm birth group compared to 
the term-born group (p < 0.01). Indicators such as neonatal gestational age, neonatal weight, neonatal length, 1-minute Apgar 
score, and placental weight were significantly lower in the preterm birth group than in the term-born group (p < 0.01) (Table 2).

Variable Selection
Based on the 18 variables with p < 0.05 from the univariate analysis mentioned above, a random forest model was established, 
and feature importance ranking was conducted (Figure 1A). To streamline the number of variables, lasso regression was 
further applied to the 18 variables for selection (Figure 1B and C). The dashed line corresponds to lambda.min (the lambda at 
which the mean squared error is minimized), and based on this dashed line, the optimal number of variables was determined to 
be 9. Therefore, the subsequent model will include the top 9 variables ranked by random forest importance assessment, namely 
MAU, Cys-C, age, CRP, Ca, aspirin use during pregnancy, ALB, FGR and ALP. Multivariate logistic regression analysis of 
the nine variables identified three independent risk factors significantly associated with preterm birth in PE. FGR showed an 
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Table 1 Baseline Characteristics of 442 Patients in PE

Variable Preterm  
Birth (n=358)

Term-Born  
Birth (n=84)

t/χ2 p value

Age (years) 32.16±5.20 30.87±4.67 2.079 0.038*

Height (cm) 157.06±13.76 158.16±21.09 −0.519 0.604

Pre-Pregnancy BMI (kg/m2) 22.99±3.22 23.70±3.01 −1.614 0.107
Gravidity 2.55±1.47 2.27±1.22 1.782 0.077

Parity 0.64±0.64 0.63±0.62 0.080 0.936

Gestational weeks at diagnosis of PE 31.84±1.87 32.21±1.78 −1.685 0.093
SBP at diagnosis of PE(mmHg) 147.47±13.64 147.77±18.15 −0.149 0.882

DBP at diagnosis of PE(mmHg) 94.93±9.84 94.37±13.53 0.320 0.749
Family history of hypertension 91 (25.4) 24 (28.6) 0.351 0.553

Scarred uterus 112 (31.3) 31 (36.9) 0.982 0.322

Pregnancy with assisted reproductive technology 23 (6.4) 3 (3.6) 1.000 0.317
History of abortion 181 (50.6) 32 (38.1) 4.233 0.04*

History of premature birth 58 (16.2) 9 (10.7) 1.593 0.207

History of cervical surgery 11 (3.1) 1 (1.2) 0.913 0.339
History of pelvic surgery 116 (32.4) 32 (38.1) 0.990 0.32

Pre-pregnancy Diabetes 15 (4.2) 1 (1.2) 1.754 0.185

Thyroid diseases 47 (13.1) 9 (10.7) 0.358 0.549
Autoimmune diseases 28 (7.8) 7 (8.3) 0.024 0.876

Genital tract malformations 8 (2.2) 2 (2.4) 0.007 0.935

Aspirin use during pregnancy 48 (13.4) 21 (25.0) 6.940 0.008*
FGR 169 (47.2) 18 (21.4) 18.523 <0.01*

GDM 126 (35.2) 27 (32.1) 0.280 0.597

ICP 22 (6.1) 2 (2.4) 1.877 0.171
Polyhydramnios 11 (3.1) 3 (3.6) 0.055 0.814

Oligohydramnios 35 (9.8) 5 (6.0) 1.209 0.272

HB (g/L) 124.16±14.01 123.05±13.11 0.658 0.511
ALP (U/L) 87.96±57.80 74.57±51.39 2.050 0.042*

TC (mmol/L) 5.54±1.44 5.04±1.00 3.713 <0.01*

TG (mmol/L) 2.75±1.81 2.18±1.34 3.242 0.001*
GLU (mmol/L) 5.02±1.25 4.83±0.83 1.199 0.231

Ca (mmol/L) 2.19±0.21 2.32±0.15 −6.141 <0.01*

Mg (mmol/L) 0.96±0.28 0.94±0.28 0.582 0.561
CK (U/L) 69.04±129.50 65.97±47.45 0.213 0.832

CK-MB (U/L) 13.07±14.92 12.23±6.62 0.498 0.619

LDH (U/L) 139.42±45.19 136.07±45.18 0.324 0.747
Cr (μmol/L) 104.26±545.98 46.36±12.48 0.965 0.335

Urea (mmol/L) 3.70±1.48 3.51±1.35 1.061 0.289

UA (μmol/L) 330.29±136.75 292.05±109.61 2.715 0.007*
CO2CP (mmol/L) 23.21±2.63 23.77±2.30 −1.737 0.083

Cys-C (mg/L) 0.97±0.37 0.83±0.32 2.759 0.006*

MAU (mg/L) 2508.75±3392.73 1123.45±2511.74 4.003 <0.01*
ALT (U/L) 27.75±55.90 19.08±12.95 2.593 0.01*

AST (U/L) 27.65±65.84 18.64±6.87 2.484 0.013*

GGT (U/L) 26.59±35.26 17.11±6.96 4.614 <0.01*
CHE (U/L) 6048.23±1989.90 6325.10±1961.80 −1.037 0.301

CRP (mg/L) 14.58±20.19 3.33±3.09 6.952 <0.01*

TBA (μmol/L) 4.97±14.82 2.53±2.61 2.697 0.007*
TBIL (μmol/L) 8.36±5.91 8.61±3.17 −0.518 0.605

DBIL (μmol/L) 2.37±3.20 2.15±0.70 1.147 0.252

IBIL (μmol/L) 6.02±4.01 6.44±2.70 −1.116 0.266

(Continued)
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adjusted odds ratio of 3.501 (95% CI 1.016–12.064, p = 0.047), Cys-C demonstrated an adjusted odds ratio of 11.265 (95% CI 
1.509–84.106, p = 0.018), and CRP had an adjusted odds ratio of 1.374 (95% CI 1.151–1.641, p < 0.001). These associations 
were visually represented in the forest plot (Figure 1D).

Table 1 (Continued). 

Variable Preterm  
Birth (n=358)

Term-Born  
Birth (n=84)

t/χ2 p value

FER (ng/mL) 59.96±52.69 66.71±38.26 −1.234 0.22
ALB (g/L) 37.33±6.00 40.03±4.90 −4.264 <0.01*

GLO (g/L) 28.96±3.74 29.31±3.35 −0.778 0.437

PLT (10^9/L) 239.53±68.67 245.72±65.93 −0.744 0.457
FDP (μg/mL) 4.30±4.24 4.73±4.40 −0.774 0.44

TT (sec) 16.83±1.62 16.35±1.22 2.475 0.014*

APTT (sec) 26.54±4.45 27.50±4.89 −1.686 0.093
D-Dimer (μg/mL) 1.38±1.47 1.40±1.22 −0.098 0.922

HDL (mmol/L) 1.67±0.40 1.59±0.36 1.565 0.118

LDL (mmol/L) 2.80±0.93 2.58±0.75 1.640 0.102
K (mmol/L) 4.07±0.34 4.04±0.33 0.554 0.580

Na (mmol/L) 137.88±2.90 138.41±2.52 −1.545 0.123

Note: *indicates significant difference. 
Abbreviations: BMI, body mass index; PE, Preeclampsia; FGR, fetal growth restriction; GDM, Gestational Diabetes Mellitus; ICP, 
Intrahepatic cholestasis of pregnancy; HB, hemoglobin; ALP, alkaline phosphatase; TC, total cholesterol; TG, triglycerides; GLU, glucose; 
Ca, serum calcium; Mg, serum magnesium; CK, creatine kinase; CK-MB, creatine kinase isoenzyme; LDH, lactate dehydrogenase; Cr, 
creatinine; UA, uric acid; CO2CP, carbon dioxide binding capacity; Cys-C, serum cystatin C; MAU, microalbunminuria; ALT, alanine 
aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; CHE, cholinesterase; CRP, C-reactive protein; 
TBA, total bile acids; TBIL, total bilirubin; DBIL, direct bilirubin; IBIL, indirect bilirubin; FER, ferritin; ALB, albumin; GLO, globulin; PLT, 
platelet; FDP, fibrinogen degradation products; TT, thrombin time; APTT, activated partial thromboplastin time; HDL, high-density 
lipoprotein; LDL, low-density lipoprotein; K, kalium; Na, natrium.

Table 2 Analysis of Perinatal Outcomes in 442 Patients of PE

Variable Preterm  
Birth (n=358)

Term-Born  
Birth (n=84)

t/χ2 p value

Placental adhesion 14(3.9) 4 (4.8) 0.126 0.722

Placental abruption 47 (13.1) 1 (1.2) 10.016 0.002*

Spontaneous premature rupture of membranes 69 (19.3) 11 (13.1) 1.752 0.186
Fetal distress 114 (31.8) 12 (14.3) 10.291 0.001*

Postpartum hemorrhage 8 (2.2) 1 (1.2) 0.372 0.542

Cesarean section delivery 303 (84.6) 60 (71.4) 8.086 0.004*
Neonatal gestational age (week) 32.54±1.95 37.96±1.04 −35.455 <0.01*

Neonatal weight (g) 1753.34±547.73 3019.23±464.64 −21.684 <0.01*

Neonatal length(cm) 41.46±3.85 48.56±1.91 −24.37 <0.01*
1-minute Apgar score 9.34±1.50 9.83±0.64 −4.734 <0.01*

Placental weight (g) 474.85±149.52 595.19±154.66 −3.402 0.001*

Umbilical cord length (cm) 52.10±11.85 55.96±10.83 −1.431 0.156
Umbilical cord torsion 48 (13.4) 7 (8.3) 1.608 0.205

SGA 182 (50.8) 16 (19.0) 27.805 <0.01*

Severe SGA 101 (28.2) 3 (3.6) 22.959 <0.01*
Low birth weight infants 331 (92.5) 10 (11.9) 250.424 <0.01*

Asphyxia neonatorum 25 (7.0) 2 (2.4) 2.513 0.113

Neonates admitted to NICU 327 (91.3) 26 (31.0) 154.286 <0.01*

Note: *indicates significant difference. 
Abbreviations: SGA, small for gestational age infant; NICU, neonatal intensive care center.
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Training Set and Validation Set Data
A total of 442 patients were randomly divided into a training set (n=310) and a validation set (n=132) in a 7:3 ratio. The 
training set was used for model construction, while the validation set was used to evaluate the performance of the trained 
model. There were no significant statistical differences in the included variables and perinatal outcomes between the two 
groups (Tables 3 and 4).

Prediction Model Construction and Evaluation
In the training set, the AUROC for predicting preterm birth in EOPE patients based on LR, GNB, XGBoost, LightGBM, 
SVM, GBDT, MLP, and EN were 0.842, 0.754, 0.854, 0.987, 0.887, 0.984, 0.865, and 0.843, respectively; the AUPRC 
were 0.954, 0.913, 0.937, 0.997, 0.964, 0.996, 0.961, and 0.954, respectively (Figure 2A and C).

In the validation set, the AUROC for predicting preterm birth in EOPE patients based on LR, GNB, XGBoost, 
LightGBM, SVM, GBDT, MLP, and EN were 0.763, 0.712, 0.821, 0.832, 0.821, 0.842, 0.784, and 0.763, respectively; 
the AUPRC were 0.932, 0.913, 0.959, 0.963, 0.951, 0.964, 0.937, and 0.932, respectively (Figure 2B and D).

Among all single algorithm models, LightGBM in the training set had the best sensitivity (0.952), specificity (0.967), 
accuracy (0.955), precision (0.992), and F1 score (0.971) (Table 5); MLP in the validation set had the best sensitivity 
(0.881), specificity (0.652), accuracy (0.841), precision (0.923), and F1 score (0.901) (Table 5, Figure 2E and F).

Figure 1 Variable selection for the prediction model. (A) Importance ranking of feature variables in the random forest model for preterm birth risk in patients with early- 
onset preeclampsia. (B) Variables selected by Lasso regression, with the dashed line representing the lambda that yields the minimum mean of the target parameters, under 
which the model achieved the best performance. (C) Variation characteristics of LASSO regression coefficients. (D) Forest plot displaying adjusted odds ratios with 95% 
confidence intervals for independent risk factors associated with preterm birth in preeclampsia patients. *P<0.05. 
Abbreviations: MAU, microalbunminuria; Cys-C, serum cystatin C; CRP, C-reactive protein; Ca, serum calcium; ALB, albumin; FGR, fetal growth restriction; ALP, alkaline 
phosphatase; TT, thrombin time; TC, total cholesterol; TG, triglycerides; GGT, gamma-glutamyl transferase; UA, uric acid; ALT, alanine aminotransferase; TBA, total bile 
acids; AST, aspartate aminotransferase.
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Model Fusion
After stacking model fusion, a total of 247 different model combinations were output. The combinations were ranked 
based on the size of the AUROC on the validation set, listing the top 5 combinations. Among them, the joint prediction 
of “XGBoost” + “GBDT” + “SVM” achieved the maximum AUROC of 0.865 (Table 6 and Figure 2).

SHAP Value of Different Models
The SHAP plot of the best Stacking model shows the contribution of three individual models (GBDT, SVM, XGBoost) to 
the final prediction results of Stacking. The results indicate that among the three models, GBDT contributes the most to 

Table 3 Comparison of Each Variable Included in the Training and Validation Sets

Variable Training Set Validation Set t/χ2 p value

Age(years) 31.82±5.08 32.13±5.26 −0.580 0.562
History of miscarriage 150 (48.4) 63 (47.7) 0.016 0.899

Aspirin use during pregnancy 49 (15.8) 20 (15.2) 0.030 0.862

FGR 134 (43.2) 53 (40.2) 0.358 0.549
ALP (U/L) 84.81±57.62 86.94±55.14 −0.353 0.724

TC (mmol/L) 5.43±1.36 5.48±1.43 −0.348 0.728

TG (mmol/L) 2.66±1.65 2.59±1.95 0.388 0.698
Ca (mmol/L) 2.22±0.20 2.22±0.22 −0.280 0.780

UA (μmol/L) 322.31±135.28 324.46±126.90 −0.154 0.878
Cys-C (mg/L) 0.94±0.34 0.98±0.42 −0.939 0.348

MAU (mg/L) 2204.57±3318.66 2355.15±3219.70 −0.413 0.680

ALT (U/L) 26.62±50.82 24.92±50.80 0.317 0.752
AST (U/L) 27.19±68.91 23.04±26.49 0.657 0.511

GGT (U/L) 24.39±28.21 25.77±39.87 −0.405 0.685

CRP (mg/L) 11.23±18.85 14.88±18.29 −1.326 0.186
TBA (μmol/L) 4.13±10.03 5.34±19.04 −0.802 0.423

ALB (g/L) 37.75±5.95 38.06±5.79 −0.498 0.619

TT (sec) 16.72±1.58 16.79±1.53 −0.456 0.649

Table 4 Comparison of Perinatal Outcomes in the Training and Validation Sets

Variable Training Set Validation Set t/χ2 p value

Placental adhesion 12(3.9) 6 (4.5) 0.108 0.743

Placental abruption 37 (11.9) 11 (8.3) 1.241 0.265

Spontaneous premature rupture of membranes 51 (16.5) 29 (22.0) 1.902 0.168
Fetal distress 91 (29.4) 35 (26.5) 0.366 0.545

Postpartum hemorrhage 6 (1.9) 3 (2.3) 0.053 0.818

Cesarean section delivery 255 (82.3) 108 (81.8) 0.012 0.912
Neonatal gestational age (week) 33.64±2.84 33.42±2.69 0.738 0.461

Neonatal weight(g) 1989.03±708.62 2005.38±775.88 −0.216 0.829

Neonatal length(cm) 42.84±4.49 42.74±4.62 0.205 0.838
1-minute Apgar score 9.47±1.43 9.34±1.30 0.880 0.380

Placental weight(g) 529.10±141.40 467.92±193.45 1.648 0.103

Umbilical cord length (cm) 53.90±10.04 51.74±14.72 0.802 0.425
Umbilical cord torsion 41 (13.2) 14 (10.6) 0.583 0.445

SGA 142 (45.8) 56 (42.4) 0.428 0.513

Severe SGA 75 (24.2) 29 (22.0) 0.254 0.614
Low Birth Weight Infants 240 (77.4) 101 (76.5) 0.043 0.836

Asphyxia neonatorum 19 (6.1) 8 (6.1) 0.001 0.978

Neonates admitted to NICU 244 (78.7) 109 (82.6) 0.860 0.354
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the prediction results of the Stacking model (Figure 3A). To examine the clinical relevance of different variables in 
different models, we output the SHAP plots of the three individual models (GBDT, SVM, XGBoost) that make up the 
best Stacking model, analyzing the contribution of the nine feature variables included in the model to each model. The 
results show that in the GBDT model, MAU contributes the most to the prediction results of the model (Figure 3B); in 
the SVM model, age contributes the most to the prediction results of the model (Figure 3C); in the XGBoost model, 
MAU contributes the most to the prediction results of the model (Figure 3D).

Figure 2 Performance comparison of different machine learning models. (A) ROC curves of 9 models on the training set. (B) ROC curves of 9 models on the validation set. 
(C) PRC curves of 9 models on the training set. (D) PRC curves of 9 models on the validation set. (E) Heatmap of evaluation metrics for 9 models on the training set. (F) 
Heatmap of evaluation metrics for 9 models on the validation set. 
Abbreviations: ROC, receiver operating characteristic curve; PRC, precision-recall curve; LR, logistic regression; GNB, Gaussian Naive Bayes; XGBoost, extreme gradient 
boosting; LightGBM, light gradient boosting machine; SVM, support vector machine; GBDT, gradient boosting decision tree; MLP, multi-layer perceptron; EN, elastic net.
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Discussion
EOPE presents with high risks of adverse outcomes, especially preterm birth, necessitating close monitoring and early 
intervention.22,23 This study systematically evaluated the predictive performance of multiple machine learning models for 
preterm birth risk in EOPE. The ensemble model combining XGBoost, GBDT and SVM demonstrated superior 
predictive accuracy (AUROC=0.865) compared to individual algorithms. Moreover, we identified nine clinically 
significant predictors, among which FGR, serum Cys-C, and CRP emerged as independent risk factors. These findings 
provided both methodological and clinical advancements in EOPE management.

With the development of advanced algorithms like artificial intelligence and data mining, machine learning applica
tions in preterm birth clinical diagnosis, prognosis assessment, and precision treatment have gained research focus.24–26 

Sun et al used various machine learning models to predict preterm birth, finding the RF model performed best 
(AUROC=0.885, accuracy=0.816), aiding clinicians in early intervention.1 As most predictive models lack external 
validation, Liu et al employed the NVSS database with four models (Logistic, Adaptive lasso, Bootstrap forest, Boosting 
trees), all showing high accuracy (AUROC>0.7). Their nomogram using nine risk factors also achieved AUROC=0.704, 
demonstrating good generalizability.27 Kawakita et al predicted preterm birth risk in PE patients before 37 weeks using 

Table 5 Performance Comparison of Different Machine Learning Models

Model Sensitivity Specificity Accuracy Precision F1-Score AUROC AUPRC

LR
Training Set 0.739 0.820 0.755 0.944 0.829 0.842 0.954

Validation Set 0.844 0.652 0.811 0.920 0.880 0.763 0.932

GNB
Training Set 0.707 0.705 0.706 0.907 0.795 0.754 0.913

Validation Set 0.743 0.652 0.727 0.910 0.818 0.712 0.913

XGBoost
Training Set 0.859 0.803 0.848 0.947 0.901 0.854 0.937

Validation Set 0.651 0.870 0.689 0.959 0.776 0.821 0.959
LightGBM

Training Set 0.952 0.967 0.955 0.992 0.971 0.987 0.997

Validation Set 0.624 0.957 0.682 0.986 0.764 0.832 0.963
SVM

Training Set 0.876 0.869 0.874 0.965 0.918 0.887 0.964

Validation Set 0.826 0.739 0.811 0.938 0.878 0.821 0.951
GBDT

Training Set 0.944 0.951 0.945 0.987 0.965 0.984 0.996

Validation Set 0.771 0.783 0.773 0.944 0.848 0.842 0.964
MLP

Training Set 0.715 0.869 0.745 0.957 0.818 0.865 0.961

Validation Set 0.881 0.652 0.841 0.923 0.901 0.784 0.937
EN

Training Set 0.703 0.852 0.732 0.951 0.808 0.843 0.954

Validation Set 0.844 0.652 0.811 0.920 0.880 0.763 0.932

Table 6 Comparison of the Performance of the Different Combinations of Stacking Ensemble Models

Model Combination Sensitivity Specificity Accuracy Precision F1-Score AUROC AUPRC

“XGBoost”+“GBDT”+“SVM” 0. 789 0. 826 0. 795 0. 956 0. 864 0. 865 0. 969

“GBDT”+“SVM” 0. 780 0. 826 0. 788 0. 955 0. 859 0. 864 0. 969

“GNB”+“GBDT”+“SVM” 0. 817 0. 783 0. 811 0. 947 0. 877 0. 863 0. 968
“GNB”+“XGBoost”+“GBDT”+“SVM” 0. 679 0. 913 0. 720 0. 974 0.800 0. 861 0. 968

“XGBoost”+“GBDT”+“LightGBM”+“SVM” 0. 633 0. 957 0. 689 0. 986 0. 771 0. 860 0. 969
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data before 23 weeks, with XGBoost performing best (AUROC=0.749).14 The optimal models in the aforementioned 
studies are inconsistent with this study, likely due to differences in the population scope and ethnic variations.

In this study, multiple machine learning models were established, with the GBDT model outperforming the other 
seven models in predicting the risk of preterm birth in EOPE, achieving an AUROC of 0.842. A Stacking algorithm was 
used to construct an ensemble model, showing that the combined prediction performance of “XGBoost” + “GBDT” + 
“SVM” was superior to that of individual models, with an AUROC reaching 0.865. Furthermore, our study elucidates 
key risk factors for preterm birth in EOPE through comprehensive analysis. Nine clinically significant variables were 
incorporated into the predictive model, which collectively captured the syndromic nature of EOPE progression from 
placental origin to systemic complications.28 Notably, placental insufficiency markers (FGR), renal dysfunction indica
tors (Cys-C), and systemic inflammation (CRP) were three independent risk factors.

FGR emerged as the strongest anatomical predictor (aOR=3.501). This reflects the hallmark placental insufficiency of 
EOPE, where defective spiral artery remodeling reduces uteroplacental perfusion compared to normal pregnancies. The 
resulting hypoxia triggers compensatory mechanisms that accelerate placental aging and prostaglandin release, predis
posing to preterm labor.29,30 Cys-C demonstrated the most pronounced biochemical association (aOR=11.265). As 
a sensitive glomerular filtration marker, elevated levels indicate renal endothelial damage—a key feature of EOPE’s 
systemic vasculopathy.31,32 CRP showed a dose-dependent relationship (aOR=1.374 per mg/L). This acute-phase reactant 
quantifies the systemic inflammation that characterizes severe EOPE. CRP’s dual role in both disrupting trophoblast 
function and stimulating myometrial contractility explains its predictive persistence.33–35 Beyond these primary 

Figure 3 SHAP value of different models on the selected feature set. (A) SHAP value of the best Stacking model. (B) SHAP value of GBDT on selected feature set. (C) 
SHAP value of SVM on selected feature set. (D) SHAP value of XGBoost on selected feature set. 
Abbreviations: SHAP, shapley additive explanation; GBDT, gradient boosting decision tree; SVM, support vector machine; XGBoost, extreme gradient boosting; FGR, fetal 
growth restriction; MAU, microalbunminuria; Ca, serum calcium; Cys-C, serum cystatin C; ALB, albumin; CRP, C-reactive protein; ALP, alkaline phosphatase.
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predictors, other model variables like MAU (reflecting glomerular endothelial injury), advanced maternal age (associated 
with vascular senescence), hypocalcemia (linked to vascular smooth muscle dysfunction), and low albumin (indicating 
capillary leakage) further delineate EOPE’s multisystem pathophysiology. Aspirin use, though protective in some 
contexts, may signal high-risk pregnancies requiring intensified monitoring, while elevated ALP likely reflects placental 
ischemia or hepatic involvement. Together, these biomarkers provide a holistic representation of EOPE’s heterogeneous 
mechanisms contributing to preterm birth.6,15,18,28,32

The model’s clinical utility in this study lies in transforming standard biomarkers into preterm birth risk predictions 
without requiring additional tests. By incorporating routinely measured EOPE parameters, it enables risk stratification 
during clinical evaluation. This approach facilitates identification of patients who may benefit from tailored interventions 
based on their specific risk profiles. The ensemble method demonstrates enhanced predictive capability compared to 
individual models. Further validation across diverse clinical environments and potential integration with electronic health 
records warrant investigation to assess practical implementation.

Despite providing important findings, this study has some limitations. First, the data were sourced from a single 
hospital, and the sample size was relatively small, which may affect the external generalizability of the results. Although 
we made every effort to incorporate the clinical relevant variables with a lower rate of missing data, we acknowledge that 
some potentially important predictors may not have been captured in our dataset. Additionally, although we used multiple 
imputation to handle missing data, potential biases cannot be completely ruled out. Future research should consider 
expanding the sample size and conducting multi-center validation to enhance the credibility and applicability of the 
findings. Furthermore, the lack of long-term follow-up prevents us from assessing the long-term status of mothers and 
newborns. Therefore, subsequent research should focus on establishing a more comprehensive risk assessment model to 
further optimize the prediction and intervention strategies for preterm birth risk in EOPE patients.

Conclusion
In summary, this study systematically analyzed the clinical characteristics of EOPE patients and their relationship with 
preterm birth risk, identifying key biomarkers and independent risk factors, and establishing effective predictive models. 
These findings provide important references for clinical decision-making, with the hope of reducing preterm birth risk 
and improving maternal and infant outcomes in future clinical practice. Further research should focus on external 
validation and optimization of this model for broader application.
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