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Abstract

Cardiotocography (CTG), as a method for monitoring and assessing the intrauterine health of fe-
tuses, has been widely utilized in clinical practice. During childbirth, continuous monitoring of
fetal heart rate dynamics allows for observation of fetal changes in utero during contractions,
thereby enhancing the prediction of adverse fetal outcomes. This facilitates proactive clinical di-
agnosis, guides labor management, and reduces the incidence of neonatal complications and mor-
tality. To address the issue of data imbalance, the study employed a oversampling-based algo-
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rithm known as Tri-Ensemble Sampling. This algorithm conducts cluster analysis on minority
class samples, categorizing them into core points, boundary points, and noise points. Subsequently,
it adopts different sampling strategies to expand the density of boundary areas, resolving issues
such as uneven distribution of minority classes and ambiguous boundaries of newly generated
samples, aiming to overcome the shortcomings of conventional SMOTE oversampling methods.
Experimental results demonstrate outstanding performance of the XGBoost algorithm in fetal
health diagnosis tasks, achieving an accuracy of 96.6%.
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Figure 1. Distribution of fetal health classes
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Figure 2. Overview of principal component analysis dimensionality reduction on
the fetal dataset
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Figure 3. Comparison and analysis of machine learning models based on confusion matrix with SMOTE oversampling
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Table 1. Analysis of fetal state performance of eight machine learning models under SMOTE oversampling

F 1)\ M2 SRR SMOTE I SRAF T AR LIRSR MBI 4347

Precision Recall F1-score
MLmodel ACC
N S P N S P N S P
AdaBoost 0.960 0576 0.854 0.863 0.861 0.854 0.909 0.690 0.854 0.862
CatBoost 0.971 0819 0909 0958 0.851 0976 0.964 0.835 0.941 0.942
Decision Tree 0.961 0743 0.812 0940 0.772 0951 0950 0.757 0.876 0.914

Gradient Boosting 0971 0.766 0.889 0944 0842 0976 0957 0.802 0.930 0.929

KNN 0.961 0526 0.761 0.849 0802 0.854 0901 0.635 0.805 0.842
Random Forest 0974 0832 0848 0964 0832 0951 0969 0.832 0.897 0.942
SVM 0.977 0491 0487 0.782 0.802 0902 0.869 0.609 0.632 0.793
XGBoost 0974 0837 0929 0966 0.861 0.951 0.970 0.849 0.940 0.948
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Figure 4. Comparison and analysis of machine learning models based on confusion matrix with Tri-Ensemble sampling
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Table 2. Analysis of fetal state performance of eight machine learning models under Tri-Ensemble sampling
2. )\ M BRE IRBE = EEATRE TR VKSR 24

ML model precision Recall F1-score ACC

N S P N S P N S P
AdaBoost 0.961 0569 0906 0.892 0824 0.873 0925 0.673 0.889 0.881
CatBoost 0974 0.785 0962 0.964 0.859 0909 0.969 0.820 0.935 0.945
Decision Tree 0959 0.694 0902 0942 0.800 0.836 0.950 0.743 0.868 0.914
Gradient Boosting 0977 0.752 0927 0.946 0.894 0927 0.961 0.817 0.927 0.937
KNN 0.962 0526 0.880 0871 0.847 0.800 0915 0.649 0.838 0.862
Random Forest 0981 0.736 0980 0948 0918 0.909 0964 0.817 0.943 0.940
SVM 0.979 0480 0634 0823 083 0.818 0.894 0.609 0.714 0.824
XGBoost 0.982 0882 0946 0980 0882 0964 0981 0.882 0.955 0.966
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