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This study addresses a gap in research on predictive models for postpartum dyslipidemia in women
with gestational diabetes mellitus (GDM). The goal was to develop a machine learning-based model
to predict postpartum dyslipidemia using early pregnancy clinical data, and the model’s robustness
was evaluated through both internal and temporal validation. Clinical data from 15,946 pregnant
women were utilized. After cleaning, the data were divided into two sets: Dataset A (n=1,116), used
for training and evaluating the model, and Dataset B (n=707), used for temporal validation. Several
machine learning algorithms were applied, and the performance of the model was assessed with
Dataset A, while Dataset B was used to validate the model across a different time period. Feature
significance was evaluated through Information Value (IV), model importance analysis, and SHAP
(SHapley Additive exPlanations) analysis. The results showed that among the five machine learning
algorithms tested, tree-based ensemble models, such as XGBoost, LightGBM, and Random Forest,
outperformed others in predicting postpartum dyslipidemia. In Dataset A, these models achieved
accuracies of 70.54%, 70.54%, and 69.64%, respectively, with AUC-ROC values of 73.10%, 71.94%,
and 76.14%. Temporal validation with Dataset B indicated that XGBoost performed best, achieving an
accuracy of 81.05% and an AUC-ROC of 87.92%. The predictive power of the model was strengthened
by key variables such as total cholesterol, fasting glucose, triglycerides, and BMI, with total cholesterol
being identified as the most important feature. Further IV and SHAP analyses confirmed the pivotal
role of these variables in predicting dyslipidemia. The study concluded that the XGBoost-based
predictive model for postpartum dyslipidemia in GDM showed strong and consistent performance in
both internal and temporal validations. By introducing new variables, the model can identify high-risk
groups during early pregnancy, supporting early intervention and potentially improving pregnancy
outcomes and reducing complications.

Keywords Machine learning, Ensemble learning algorithms, Diabetes, Gestational, Postpartum period,
Dyslipidemias

Gestational diabetes mellitus (GDM) is the most prevalent metabolic disorder during pregnancy, significantly
increasing the incidence of preeclampsia, cesarean section, preterm birth, and macrosomia. Furthermore, it
elevates the long-term risk of cardiovascular diseases for both the mother and her offspring, severely impacting
pregnancy outcomes and maternal and child health2. Offspring of mothers with GDM are at a higher risk of
impaired glucose tolerance, obesity, and diabetes in both childhood and adulthood?. The pathogenesis of GDM
is heterogeneous, typically involving insulin resistance and insufficient compensatory insulin secretion from
pancreatic B-cells®. GDM affects both glucose and lipid metabolism®.

Dyslipidemia refers to elevated serum levels of cholesterol and/or triglycerides and includes
hypercholesterolemia, hypertriglyceridemia, and mixed hyperlipidemia®. Type 2 diabetes mellitus (T2DM),
cardiovascular disease (CVD), and non-alcoholic fatty liver disease (NAFLD) are significant long-term
complications of GDM. Atherosclerotic cardiovascular disease (ASCVD) is the leading cause of mortality among
urban and rural residents in China, and the burden of ASCVD continues to rise’. Epidemiological, genetic, and
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clinical intervention studies have consistently demonstrated that dyslipidemia is a pathogenic risk factor for
ASCVD, and diabetes is an important independent risk factor for ASCVD?®. Therefore, delaying the progression
of GDM-related complications to T2DM, CVD, and even ASCVD is of critical importance.

Insulin resistance is closely related to various diseases, including cardiovascular diseases, diabetes,
dyslipidemia, and non-alcoholic fatty liver disease®~!!. During dyslipidemia, excessive fat accumulation leads
to abnormal expansion of white adipose tissue, with hypertrophy and hyperplasia of adipocytes'2 Activation of
the pathway results in impaired insulin signaling leading to insulin resistance, which in turn leads to impaired
insulin-induced inhibition of white adipose tissue lipolysis'*!%. Recent HAPO-FUS studies have shown that
maternal hyperglycemia has long-term metabolic impacts on mothers and their offspring!>!¢. Depending on the
severity of maternal hyperglycemia and related vascular risk factors, GDM complications may be more severe.
Pregnancy has been demonstrated to result in physiologic lipid elevations, with severe hypertriglyceridemia
(HTG) having the potential to induce acute pancreatitis and a maternal mortality rate of up to 20%'”.

Postpartum dyslipidemia is a significant health issue for mothers with GDM'®. Recent studies have confirmed
the metabolic trajectory of dyslipidemia following glucose metabolism disorders during pregnancy. Lowe et al.
tracked mothers with GDM and found that women with a history of GDM had significantly higher levels of
total cholesterol and LDL-C 10-14 years postpartum compared to controls, even after adjusting for traditional
cardiovascular and diabetes risk factors'®. Wang et al. studied the lipid profiles of GDM mothers 6-9 weeks and
6 months postpartum, showing that serum triglycerides and LDL-C levels were significantly elevated at both
time points, unrelated to obesity, and associated with higher postpartum glucose levels®’. Insulin resistance and
hyperglycemia during pregnancy promote dyslipidemia, which often persists postpartum in women with prior
GDM. These longitudinal and cross-sectional studies demonstrate that postpartum dyslipidemia in mothers with
GDM persists, significantly impacting future health, thereby highlighting the importance of early identification
and intervention through predictive modeling.

Researchers have recently sought to develop predictive models to identify which mothers with GDM are
most likely to experience postpartum dyslipidemia. These models typically include lipid metabolites and
clinical indicators during and after pregnancy, such as glucose control levels, gestational weight gain, insulin
resistance index, and lipid levels. Pei et al. retrospectively examined the incidence and potential predictors of
early postpartum dyslipidemia in mothers with GDM, finding that maternal age, systolic blood pressure (SBP),
glycated hemoglobin (HbAlc), and LDL-C were independent risk factors, with an AUC of 0.733 when LDL-C
was combined with age, SBP, and HbA1c!®. Mi et al. employed lipidomic to analyze the serum of GDM cohorts
during the postpartum period. They followed up for 8 years, identifying 107 lipids significantly associated with
future diabetes and establishing a panel of 11 lipidswith a predictive AUC of 0.739%!. Although various predictive
models have been established using different parameters, methodological flaws remain, with most models
lacking temporal validation.

With the rapid development of machine learning technology, more artificial intelligence methods can be
used to construct predictive models and validate them from multiple perspectives. This study aims to identify
and analyze high-risk factors for postpartum dyslipidemia in GDM using machine learning methods and to
construct and validate a predictive model.

Methods and materials

Dataset description

The study cohort comprised singleton pregnant women who received antenatal care and delivered at Huizhou
First Maternal and Child Health Hospital in Guangdong Province, China. The participants’ ages ranged from 18
to 45 years. These women underwent standard prenatal examinations and had blood tests for glucose and lipids
at various stages of pregnancy, with delivery dates spanning from October 2021 to December 2023. Exclusion
criteria included a history of diabetes, impaired fasting glucose, prior drug treatment for dyslipidemia, or a
miscarriage or elective termination of pregnancy before 28 weeks of gestation.

The study variables primarily encompassed demographic characteristics such as maternal age, gravidity,
parity, pre-pregnancy body mass index (BMI), and gestational weight gain. Blood test results during pregnancy
and postpartum were collected, including complete blood count, coagulation function, lipid profile, HbA1lc, and
oral glucose tolerance tests (OGTT) at 24-28 weeks of gestation and postpartum.

Following the Standards of Care in Diabetes—2024, all participants underwent a 75g OGTT at 24-28 weeks
of gestation to diagnose GDM, utilizing the International Association of Diabetes and Pregnancy Study Groups
Consensus Panel diagnostic criteria. The criteria included fasting glucose > 5.1 mmol/L, 1-h post-glucose>10.0
mmol/L, or 2-h post-glucose > 8.5 mmol/L; meeting any one of these criteria confirmed a diagnosis of GDM?%.

Postpartum dyslipidemia was defined according to the National Cholesterol Education Program Adult
Treatment Panel III guidelines?: total cholesterol (TC) >6.22 mmol/L, triglycerides (TG) >2.26 mmol/L, low-
density lipoprotein cholesterol (LDL-C) = 4.14 mmol/L, and high-density lipoprotein cholesterol (HDL-C) <1.04
mmol/L.

This study was approved by the Medical Ethics Committee of Huizhou First Maternal and Child Health
Hospital (Ethics Approval No. 20240328A14), and all participants provided written informed consent.

Data preprocessing

This retrospective study gathered two batches of raw data: 10,283 samples collected from October 2021
to December 2022 for model development and training, and 5,663 samples collected from January 2023 to
December 2023 for testing model reliability and generalizability. No data overlap between the two batches of
raw data. Duplicate samples were removed, and missing data in the remaining samples were addressed. Samples
with more than 30% missing data were deemed invalid and excluded. For the retained samples, missing values
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were imputed using the mean value. The processed data were then filtered to identify GDM cases based on mid-
pregnancy oral glucose tolerance test results.

To further investigate the relationship between study variables and postpartum dyslipidemia, new variables
were calculated using early pregnancy clinical indicators: Platelet/Lymphocytes, Neutrophils/Platelet, Urea/
Creatinine, Alanine Aminotransferase/Aspartate Aminotransferase (ALT/AST), and the Triglycerides Glucose
Index (TyG Index). The variables were derived through ratio calculations. Additionally, based on clinical
expertise, triglycerides, total cholesterol, fasting glucose, and pre-pregnancy BMI were utilized to calculate three
new study variables:

TyG Index = In[Fasting triglyceride (mg/dL) x Fasting glucose (mg/dL)/2], (1)
Featurel = Exp[(Triglycerides + Total Cholesterol + Fasting Glucose)/ BMI], (2)
Feature2 = In(Triglycerides + Total Cholesterol + Fasting Glucose), (3)
Feature3 = In(Total Cholesterol) x TyG Index. (4)

Figure 1 presents the data processing workflow employed in this study.

Prediction model

Five machine learning algorithms were employed to develop a predictive model for postpartum dyslipidemia
in GDM: Support Vector Machine (SVM), random forest, decision tree, Light Gradient Boosting Machine
(LightGBM), and extreme gradient boosting (XGBoost). Random forest mitigates overfitting by incorporating
randomness during training, while both LightGBM and XGBoost utilize gradient boosting techniques®*. Prior
research indicates that Light GBM and XGBoost significantly outperform others in predictive accuracy, stability,
and generalization ability?®. The models were implemented in Python using the Scikit-Learn, XGBoost, and
LGBM libraries.

Model evaluation

Dataset A was divided into training and test sets in a 9:1 ratio, with dataset B utilized for temporal validation. The
models were rigorously evaluated on the test set of Dataset A, using AUC-PR (area under the Precision-Recall
curve) and AUC-ROC (area under the Receiver Operating Characteristic curve) to comprehensively assess
overall performance. Additionally, metrics such as Accuracy, Precision, Recall, F1_score, Specificity, Sensitivity,
Negative Predictive Value (NPV), and Positive Predictive Value (PPV) were calculated to evaluate predictive
performance. PPV denotes the proportion of true positive samples among all predicted positive samples,
reflecting the accuracy of positive predictions, while NPV indicates the accuracy of negative predictions.

Accuracy = (TP 4+ TN)/(TP + FP + TN + FN), (5)
Precision = TP /(TP + FP), (6)
Recall = (Sensitivity + Specificity)/2, (7)
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Fig. 1. Process of data processing in this study.
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F1 score = 2 x Precision x Recall /(Precision + Recall), (8)
Specificity = TN /(TN + FP), 9)

Sensitivity = TP /(TP + FN), (10)

Negative Predictive Value = TN/(TN + FN). (11)
Positive Predictive Value = TP /(TP + FP), (12)

Furthermore, we will use the model after training and testing on Dataset A to assess stability of the training
results by performing a ten-fold cross-validation on the entire Dataset A. In ten-fold cross-validation, the dataset
is partitioned into ten subsets, with each subset used once as the validation set and the remaining nine subsets
serving as the training set. This process is repeated ten times with different validation sets, ensuring every sample
is validated once. This method provides a more reliable and robust performance evaluation, minimizing the
impact of a single data split.

Feature analysis

Correlation plots visually reveal potential relationships and trends among variables within a dataset. Before
analyzing individual variables, it is essential to explore and understand their interrelationships through
correlation plots, thereby forming reasonable hypotheses about these connections?®. This preliminary
exploration enhances our understanding of the data and provides a solid, reliable foundation for subsequent
data analysis and decision-making. Nonetheless, the utilization of correlation plots in this study is intended to
elucidate the correlation between the objectives and the study characteristics, thereby facilitating an analysis of
the mathematical and statistical validity of our proposed hypothesis.

IV (Information Value) is an important metric used to measure the ability of a feature to predict a target
variable?”. IV helps identify which features are important for predicting the target variable?®. The calculation of
IV values is not contingent upon the ordering of the variables and can be utilized to assess the predictive power
of different variables. By calculating the IV value, we can assess the extent to which each feature explains the
target variable. The higher the IV value, the closer the relationship between the feature and the target variable.
An TV value of less than 0.02 is considered to be of limited utility for prediction; 0.02 to 0.1 is weak predictive
power; 0.1 to 0.3 is moderate predictive power; 0.3 to 0.5 is strong predictive power; and greater than 0.5 is
questionable predictive power and may require further examination?.

SHAP (SHapley Additive exPlanations) is a game-theoretic approach to explaining the output of any machine
learning model by assigning each feature an importance value for a given prediction, ensuring interpretability
while maintaining accuracy®®. SHAP helps in understanding how the model makes predictions by identifying
which features contribute most to the prediction and how they influence the prediction results?*. Additionally, it
identifies the most important features for the model’s predictions. By understanding the features that contribute
most to the model’s predictions, we can better grasp the essence of the problem and extract key features for
further analysis’!.

Results

Participant characteristics

Dataset A, utilized for model development, comprised 1116 samples, with 422 cases (37.8%) of postpartum
dyslipidemia. This prevalence rate aligns closely with findings from Pei et al.!®. Dataset B, employed for temporal
validation, included 707 samples, with 281 cases (39.7%) of postpartum dyslipidemia.

Model development and evaluation

Table 1 presents the performance of the models evaluated on the independent test set of Dataset A. Tree-
based ensemble learning algorithms, specifically XGBoost, LightGBM, and Random Forest, exhibited superior
performance in predicting postpartum dyslipidemia in GDM patients, with accuracies of 70.54%, 70.54%, and
69.64%, and AUC-ROC values of 0.7310, 0.7194, and 0.7614, respectively. This demonstrates that ensemble

SVM | Decision tree | Random forest | LightGBM | XGBoost
Accuracy 65.18% | 66.96% 69.64% 70.54% 70.54%
Precision 65.78% | 66.41% 68.78% 70.83% 71.42%
Recall 58.86% | 62.17% 66.24% 66.25% 65.89%
F1_score 56.94% | 61.85% 66.56% 66.47% 65.98%
Specificity | 91.04% | 86.57% 83.58% 88.06% 89.55%
Sensitivity | 26.67% | 37.78% 48.89% 44.44% 42.22%
NPV 64.89% | 67.44% 70.89% 70.24% 69.77%
PPV 66.67% | 65.38% 66.67% 71.43% 73.08%
AUC-ROC | 0.5886 | 0.6285 0.7614 0.7194 0.7310
AUC-PR 0.4724 | 0.5833 0.6839 0.6324 0.6772

Table 1. Results of evaluating model performance using an independent test set of Dataset A.
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Fig. 2. ROC curve and P-R curve for XGBoost model.
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Fig. 3. AUC-ROC distribution of the model under tenfold cross-validation.

learning models outperform single decision trees and SVM models. The results preliminarily indicate that the
XGBoost model achieves robust overall performance. Figure 2 depicts the ROC curve and P-R curve of the
XGBoost model.

Figure 3 illustrates the AUC-ROC distribution of the models across tenfold cross-validation on Dataset A,
demonstrating that XGBoost, LightGBM, and Random Forest consistently outperformed other algorithms.
These results, derived from the entire Dataset A, underscore the superior performance of ensemble methods
regarding AUC-ROC.

The models were then applied to the entire Dataset B for temporal validation to further evaluate their predictive
performance. Table 2 showcases that the XGBoost model exhibited the best performance metrics, achieving an
accuracy of 81.05% and an AUC-ROC of 0.8792, both the highest among all models evaluated. Moreover, we
observed that the results of temporal validation were generally superior to those from the evaluation on the
independent test set of Dataset A. This finding suggests that the evaluation on the test set of Dataset A may not
fully demonstrate the model’s performance due to the limited number of test samples.

In Dataset B, we employed a bootstrapping method without replacement, ensuring each sample accounted for
40% of the total dataset size in every iteration. This approach aimed to provide an objective and fair evaluation
of the models. The entire evaluation process was repeated 1000 times, each time using a different random
seed to ensure the stability and reliability of the evaluation results. Figure 4 presents a boxplot visualization
of the evaluation results from the 1000 bootstrap samples. It demonstrates that the performance metrics of
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Score

SVM | Decision tree | Random forest | LightGBM | XGBoost
Accuracy 65.21% | 70.16% 79.77% 76.66% 81.05%
Precision 65.81% | 68.79% 81.45% 76.94% 81.83%
Recall 58.35% | 68.57% 76.31% 73.49% 78.28%
F1_score 56.17% | 68.67% 77.38% 74.26% 79.23%
Specificity | 91.78% | 76.29% 93.19% 88.97% 91.78%
Sensitivity | 24.91% | 60.85% 59.43% 58.01% 64.77%
NPV 64.95% | 74.71% 77.69% 76.26% 79.80%
PPV 66.67% | 62.87% 85.20% 77.62% 83.87%
AUC-ROC | 0.5835 | 0.7153 0.8656 0.8249 0.8792
AUC-PR 0.4645 | 0.6152 0.8277 0.7762 0.8453
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Table 2. Results of evaluating model performance using dataset B.
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Fig. 4. Boxplot of model evaluation metrics validated by 1000 random samples.
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Fig. 5. Correlation Heatmap of Features with Target Variable.

the XGBoost model consistently fell within the 80%-90% range, indicating robust overall performance across
multiple evaluations.

Feature importance analysis

Top 10 features

Figure 5 illustrates the top 10 variables most strongly correlated with postpartum dyslipidemia in both Dataset A
and Dataset B. Notably, Feature2, total cholesterol, and Feature3 exhibit the highest correlations with the target
variable, indicating their potential value in predicting postpartum dyslipidemia.

IV analysis
To further validate the importance of Feature2, total cholesterol, and Feature3 in predicting postpartum
dyslipidemia, we calculated the IV values for all features. Table 3 lists the IV values for features in Dataset A,
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Feature2 0.825 Thrombin time 0.130
Featurel 0.775 Gamma-glutamyltransferase | 0.125
Feature3 0.752 Neutrophils 0.121
Total cholesterol 0.625 Total bile acid 0.121
Triglycerides glucose index | 0.502 Total bilirubin 0.120
Triglycerides 0.464 Alanine aminotransferase 0.118
Free thyroxine 0.244 Urea/creatinine 0.117
Free triiodothyronine 0.235 ALT/AST 0.116
Partial thromboplastin time | 0.221 Urea 0.115
Uric acid 0.211 Fasting blood glucose 0.114
Pre-pregnancy BMI 0.209 Thyrotropin 0.113
Total protein 0.201 Maternal age 0.113
Platelet count 0.194 Erythrocyte count 0.109
Cholinesterases 0.191 Placental weight 0.107
Birth weight 0.165 Creatinine 0.093
Lymphocytes 0.165 Aspartate Aminotransferase | 0.091
Neutrophils/platelet 0.156 Albumins 0.091
Alkaline phosphatase 0.146 Fibrinogen 0.082
Hematocrit 0.144 Hemoglobins 0.063
Leukocyte count 0.144 Monocytes 0.060
Platelet/lymphocytes 0.141 Gestation 0.049
Gestational weight gain 0.138 Parity 0.045
Direct bilirubin 0.131

Table 3. IV scores between Features and target in Dataset A.
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Fig. 6. Feature Importance Analysis of XGBoost.
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sorted in descending order. The results indicate that the IV values for these features exceed 0.5, highlighting their
superior predictive capability compared to other variables.

XGBoost feature importance
Using the XGBoost model, which demonstrated optimal predictive performance in our evaluations, we analyzed
the influence of each feature on the prediction outcomes. Figure 6 displays a bar chart of feature importance
from the XGBoost model. The findings corroborate that Featurel, Feature2, Feature3, and total cholesterol are

critical in predicting postpartum dyslipidemia and should be prioritized.
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SHAP analysis

SHAP values were computed to understand the marginal contribution of each feature in the trained XGBoost
and LightGBM models on Dataset A. Figure 7 shows the global importance plot with scatter points for the top 20
features. Total cholesterol emerges as the most globally important, followed by Featurel, Feature2, and Feature3
in the SHAP values ranking. Moreover, it was notable to find that the feature values of the aforementioned
features exhibit a positive correlation with their influence on the model’s predicted value. Specifically, higher
feature values in total cholesterol, Featurel, Feature2, and Feature3 are correlated with positive predicted values
and positive SHAP values, and this positive impact is particularly pronounced.

Figure 8 shows the global importance plot of the positive class scatter for the top 20 features. Similar to the
results shown in Fig. 7, we find that Featurel, Total Cholesterol, Feature3 and Feature2 were ranked in the top
four SHAP values. The difference between Figs. 7 and 8 is that Featurel is considered the most important feature
in the LightGBM model, while total cholesterol is ranked second. However, the feature values corresponding to
the four features still demonstrate a positive correlation with the model’s predictive outputs. This result further
supports our hypothesis.

In Fig. 9, the construction processes of prediction results between the LightGBM and XGBoost models are
compared using waterfall plots generated from SHAP model outputs. It was observed that in the construction
process of the prediction results for both models, Featurel and Feature2 positively contributed to the prediction
outcomes. In the XGBoost model, total cholesterol made the largest positive contribution, followed by Featurel,
Feature2, and Feature3. This indicates that total cholesterol is the main driving factor for the prediction results
in the XGBoost model.

Discussion

Clinical implications

Genetic factors, environmental changes, and lifestyle choices all play roles in the development of GDM?3233,
Observational studies have shown that in GDM, dysregulation of lipid levels, including elevated plasma
triglyceride and fatty acid concentrations, decreased HDL cholesterol, and smaller LDL particles, leads to insulin
resistance, which is of course one of the pathogenic mechanisms of GDM?>*. This is characterized by impaired
insulin-mediated glucose processing and inhibition of nitric oxide production, with insulin signaling playing
a key role in activating nitric oxide. Impaired insulin signaling not only inhibits glucose metabolism but also
stimulates the MAPK pathway, directly promoting atherosclerosis®. Epigenetic studies showed that MTNR1B,
TCF7L2, and IRS1 were significantly associated with GDM, supporting that insulin resistance and impaired
insulin secretion play an important role in the pathogenesis of GDM and type 2 diabetes, and further subgroup
analyses showed a significant role for two genes, TCF7L2 and PPARG?®. Currently, postpartum follow-up models
for GDM in China include 42-day postpartum outpatient visits, community postpartum visits, and postpartum
self-management. While these approaches have contributed to improving maternal and infant health, certain
challenges remain, such as insufficient patient awareness, underestimation of the condition, inconvenient access
to medical care, and the lack of timely reminders from healthcare workers, all contributing to a high rate of
loss to follow-up. Therefore, early prediction and stratified management are particularly critical. The predictive
model developed in this study is undoubtedly timely and highly relevant.
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Insulin resistance and hyperglycemia during pregnancy in GDM patients can lead to persistent lipid
metabolism disorders postpartum. Elevated triglycerides can coexist with other lipid or lipoprotein disorders™.
Patients with elevated plasma cholesterol and triglycerides can be categorized into three groups, with the third
group including those with severe and very severe hypertriglyceridemia, where increased plasma cholesterol
results from elevated VLDL and chylomicron cholesterol’. In the real clinical world, severe hypertriglyceridemia
(TG>10 mmol/L or>885 mg/dL) has a clear causal relationship with acute pancreatitis. In the results of this
study, Featurel, Feature2, and Feature3, which were calculated using triglycerides, total cholesterol, fasting
glucose, and BMI as blueprints, all played important roles in the model, which may be attributed to the fact
that the early dyslipidemia induced insulin resistance, which subsequently caused a series of imbalances in the
regulation between the glucose and lipid risk factors and the protective factors. Given that statins can cause fetal
developmental abnormalities, dietary interventions have become the primary means of managing dyslipidemia

Scientific Reports|  (2025) 15:8028 | https://doi.org/10.1038/s41598-025-92299-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

during pregnancy. Time-restricted feeding represents a new approach to evaluating the impact of eating times on
metabolism, with animal models and human trials showing significant improvements in obesity and metabolic
diseases™.

For model selection, Pei and Lai et al. used a logistic regression model, whereas in this study, the XGBoost
model of the integrated learning was used!'®*!. The choice of this model allows us to optimize based on the
inherent characteristics of the dataset, which in turn improves the generalizability and robustness of the model.
In addition, the XGBoost model used in this study is able to handle datasets with category imbalance by adjusting
the parameters, which is particularly important in clinical data processing, as certain diseases or conditions may
be less frequent in the aggregate. In terms of model performance evaluation, compared to the models of!®2}, the
XGBoost model of this study achieved 81.05% accuracy on dataset B, with an AUC-ROC score of 0.8792 and
an NPV of 79.80%. In comparison, the best performing model in*! has an AUC score of only 0.842. In terms of
predictive power, the present model has a significant advantage.

We strongly believe that our model is characterized by high accuracy and recall, which means that the model
can help physicians to identify patients with dyslipidemia early and intervene in a timely manner. In addition,
the high specificity and high NPV will reduce unnecessary treatment and further diagnostic testing, thereby
reducing healthcare costs.

Limitations

Machine learning plays a pivotal role in advancing artificial intelligence, particularly in the field of medical AI
where it enhances disease diagnosis and prediction accuracy through data learning and pattern recognition’. Ye
et al. demonstrated the superiority of ensemble learning algorithms, such as decision trees and random forests,
in developing GDM prediction models*'. Consistent with these findings, our study affirms that tree-based
ensemble learning models outperform single decision trees and SVM models in terms of predictive accuracy,
stability, and generalization ability.

Most medical data contain nonlinearities, non-normality, and inherent correlated structures*2. SVMs are
linear classifiers that can handle nonlinearly separable problems using kernel functions. Although kernel
functions are an effective solution, SVMs have limitations when dealing with highly complex datasets; their
performance heavily depends on the choice of kernel function and its parameters*>. Common kernel functions
may not capture all fundamental features of the data.

XGBoost is a powerful and efficient ensemble learning technique known for its scalability and effectiveness
in solving complex machine-learning problems. This method has proven reliable and effective in various
applications, especially in handling large datasets and providing high predictive performance. Candice
Bentéjac et al. compared the performance of XGBoost, LightGBM, CatBoost, random forests, and gradient
boosting regarding training speed and accuracy, concluding that XGBoost ranked second in both accuracy and
training speed*!. Moreover, XGBoost optimizes the learning process of decision trees by reducing unnecessary
computations and using a histogram-based algorithm, thus improving training speed. Our experimental results
also indicate that models constructed using tree-based ensemble learning algorithms outperform single decision
tree and SVM models in terms of prediction accuracy, stability, and generalization ability.

XGBoost and LightGBM are two efficient machine learning algorithms based on gradient boosting
frameworks that perform well on classification problems. XGBoost significantly improves the efficiency
of processing large datasets by optimising the gradient boosting algorithm, which is well suited to our data
characteristics. LightGBM is optimized for speed and memory usage, which we expect to significantly speed up
the training of our models. In the top features comparison, XGBoost better controls the structure of the tree and
provides high accuracy and stability in handling the dataset we adopted. This is the main reason why we believe
that XGBoost is superior to LightGBM.

It must be acknowledged that the present study is subject to certain limitations. It was conducted in a single
center and comprised a time-cohort study. Patients from a single healthcare organization may exhibit similar
cohorts, despite being from different time periods. Consequently, further validation is necessary to assess the
stability and predictive power of the model when applied to patients from other healthcare organizations.

Future directions

The standard approach to the management of women with the GDM has historically centered on the reduction
of glycemic excursions during pregnancy, with the primary objective being the mitigation of pregnancy
complications and the prevention of fetal macrosomia. However, extant evidence suggests that the lifelong
metabolic sequelae of GDM have the potential to adversely impact a woman’s overall health?. Contemporary
care for women with GDM during the postpartum period is not optimal. A seamless transition from obstetric
care to primary care focused on the metabolic and cardiovascular health of women with GDM is not currently in
place. It is well known that GDM significantly increases the metabolic health burden in women of reproductive
age, including pre-diabetes and obesity. The clinical focus of GDM prevention and treatment must shift to
early postpartum prevention to slow the progression from GDM to type 2 diabetes and reduce the risk of heart
and metabolic diseases in mothers and their offspring through life-cycle management strategies*®. Stratified
management using time-restricted feeding for high-risk individuals with early pregnancy dyslipidemia is
undoubtedly of great value in the real clinical world.

It must be acknowledged, however, that while the capacity to identify at-risk populations may be realized,
challenges emerge in clinical practice due to the absence of consensus on guidelines for postnatal follow-up, the
variability in adherence to these guidelines by GDM mothers, and the ambiguity surrounding the allocation of
responsibilities between primary and secondary care for postnatal screening.
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Conclusion
We utilized five machine learning algorithms to establish a predictive model for postpartum dyslipidemia
in GDM. Through rigorous internal and temporal validation, we found that the model established using the
XGBoost algorithm demonstrated excellent and stable predictive performance. Additionally, we designed three
new research variables and verified their strong positive predictive contributions in identifying high-risk groups
for dyslipidemia in early pregnancy through methods such as XGBoost’s feature importance analysis, correlation
analysis, IV analysis, and SHAP analysis. By using the XGBoost model and the new research variables, we can
identify and stratify high-risk groups for early intervention with time-restricted feeding methods. This approach
aims to improve pregnancy outcomes and reduce both short-term and long-term complications for mothers and
their offspring.

In the future, we plan to conduct multi-center temporal validation to confirm the strength and reliability of
the model. Simultaneously, our focus will be on implementing deep learning techniques to combine data with
images and create multimodal models, thus improving our ability to predict postpartum dyslipidemia in GDM.
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