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Background: Fear of childbirth (FOC) is a psychological state of fear and distress that pregnant women experience when they
approach labor. This fear can have significant negative effects on both the mother and the newborn, making it crucial to study the
influencing factors of FOC to implement early interventions.

Obijective: First, identify the risk factors for FOC occurrence, then construct a predictive model for FOC and evaluate its predictive
efficiency.

Methods: A total of 901 pregnant women who underwent regular prenatal check-ups at Anhui Women and Children’s Medical Center
were selected. Participants completed questionnaires. General information and relevant medical data of the patients were collected for
data aggregation. The data was randomly divided into a training set (n = 632) and a testing set (n = 269) in a 7:3 ratio. Univariate
analysis of risk factors for FOC was performed on the training set data. Using univariate logistic regression and multivariate logistic
regression to analyze the risk factors associated with the occurrence of FOC, we constructed a FOC risk predictive model via ten
different machine learning methods and evaluated the predictive performance of the model.

Results: Our study indicated that educational level, history of adverse pregnancy outcomes, history of cesarean section, planned
pregnancy, assisted reproduction, income, payment, SAS scores, and age are independent risk factors for FOC. The risk predictive
model included six factors, such as gravidity, history of adverse pregnancy outcomes, history of cesarean section, planned pregnancy,
payment, and SSRS scores. The model was built using ten types of machine learning and was evaluated to perform well.
Conclusion: Gravidity, history of adverse pregnancy outcomes, history of cesarean section, planned pregnancy, payment method, and
SSRS score are risk factors for FOC in late-pregnancy women. The risk predictive model established in this study has a high clinical
reference value.

Keywords: fear of childbirth, FOC, machine learning, risk factors, predictive model

Introduction

FOC is a complex phenomenon' that encompasses the anxiety surrounding impending labor” and worries about potential
complications that may arise postpartum, including both physiological and psychological changes. With the widespread
implementation of the two-child and three-child policies, the incidence of FOC has been increasing. For every pregnant
woman and her family, pregnancy, childbirth, and then becoming parents are common social phenomena, a survival
threshold that every woman of childbearing age must experience and overcome.>* Childbirth is a unique and delicate
experience for every pregnant woman, and it is influenced by various social and familial factors.” The birth of a new life
brings joy and happiness to the pregnant woman and her family, but it is also accompanied by fear and anxiety. This fear
includes the pregnant woman’s apprehension and resistance towards childbirth, as well as worries about the unknown and
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helplessness in raising a new life.® Retrospective studies have shown that the global incidence of FOC is between 6% and
15%,” with the global prevalence of severe FOC being 6-10%.* The incidence of FOC among Asian pregnant women is
25%,’ 26.9% in the United States,'® 8% in Europe, and 24% in Australia.!' Recent studies on FOC in China have also
gained momentum, with the incidence of FOC among pregnant women in China during pregnancy being 79.2%.'* This
phenomenon is mainly related to the low literacy level and the imbalance of educational resources in China. This also
reflects a subgroup of a particular population.

Many factors affect FOC, and the exact causes are currently unclear. A study based on optimal scale regression
analysis found that the factors most strongly associated with FOC in the northwest region of China include place of
residence, marital status, parity, gestational age, partner relationship, prenatal stress, social support, and depressive
symptoms.'®> A systematic review and research by Rondung et al found that women of childbearing age with lower
educational levels and poorer economic conditions have a higher probability of experiencing FOC compared to those
with higher education and better economic status.'*'> An article on factors related to FOC among pregnant women in
Poland indicated that severe FOC is associated with risk factors such as depression, unplanned pregnancy or parity, and
disagreement with the obstetrician’s proposed birth plan.'® Additionally, the harms caused by FOC are diverse. Some
studies have found that FOC can lead to severe adverse pregnancy outcomes, with the most significant impact being
preterm birth. Other negative consequences of FOC include low Apgar scores, difficulties in newborn feeding, and
postpartum depression.'*!” However, there are many reasons why FOC can lead to preterm birth, and a complete
conclusion has yet to be reached. Therefore, to clarify the factors contributing to the occurrence of FOC, identify FOC
patients early, and improve the prognosis of FOC patients, it is necessary to conduct this research.

Currently, although there are several studies report regarding risk predictive models for FOC, the results are not
satisfactory. Additionally, there are very few cases of constructing FOC risk predictive models using machine learning
methods. In this study, we selected variables related to FOC and conducted logistic regression analysis on the risk factors
for FOC while also using ten machine learning algorithms to build a risk predictive model for FOC. Compared with
traditional models, machine learning-based predictive models are usually trained with annotated datasets, ie, supervised
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Figure | Experimental design flow chart.
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Table | Univariate Analysis of Risk Factors for FOC in Late-Term Pregnancy

Non-FOC FOC P

n 383 249
Residential area = city (%) 205 (53.5) 138 (55.4) 0.699
Gravidity (%) <0.001

| 89 (23.2) 56 (22.5)

2 120 (31.3) 30 (12.0)

3 100 (26.1) 82 (32.9)

4 31 (8.1) 76 (30.5)

5 43 (11.2) 5(2.0)
Parity (%) 0.001

0 154 (40.2) 129 (51.8)

| 182 (47.5) 108 (43.4)

2 47 (12.3) 12 (4.8)
Work Situation (%) 271 (70.8) 180 (72.3) 0.744
Educational Level (%) <0.001
High school/secondary school or below 258 (67.4) 150 (60.2)
College/Undergraduate 123 (32.1) 77 (30.9)
Postgraduate and above 2 (0.5) 22 (8.8)
Adverse Pregnancy Outcomes (%) 59 (15.4) 160 (64.3) <0.001
Infertility (%) 4 (1.0) 69 (27.7) <0.001
Cesarean Section (%) 10 (2.6) 96 (38.6) <0.001
Planned Pregnancy (%) 299 (78.1) 229 (92.0) <0.001
ART (%) 2 (0.5) 52 (20.9) <0.001
Income (%) <0.001

<2000 14 (3.7) 15 (6.0)

2000-5000 145 (37.9) 49 (19.7)

5000-10,000 214 (55.9) 156 (62.7)

>10,000 10 (2.6) 29 (11.6)
Medical insurance (%) 218 (56.9) 116 (46.6) 0.014
SAS (mean (SD)) 34.85 (5.90) 55.18 (8.54) <0.001
CBSEIl (mean (SD)) 222.39 (17.49) 164.76 (24.94) <0.001
SSRS (mean (SD)) 41.14 (4.59) 35.74 (4.75) <0.001
Age (mean (SD)) 27.20 (3.03) 27.73 (3.49) 0.044
Weeks (mean (SD)) 37.61 (1.51) 37.44 (1.40) 0.171

Notes: Values in parentheses are percentage, and p<0.05 indicates that it is statistically significant.
Abbreviations: ART, assisted reproductive technology; SD, standard deviation.

learning, which can obtain better robustness and generalization capabilities. The aim of this study is to provide reliable
evidence for clinical medical staff in the early detection and diagnosis of FOC and to offer better-optimized solutions for

clinical intervention and treatment of FOC patients.

Materials and Methods
Research Design

We conducted a cross-sectional study involving pregnant women who gave birth at Anhui Women and Children’s
Medical Center from January 1, 2021, to December 31, 2021. We gathered general information about the participants
through the electronic medical record system, and the women completed questionnaires that included the Anxiety Self-
Rating Scale, Childbirth Self-Efficacy Scale, Social Support Rating Scale, and Childbirth Fear Scale. A total of 901
women were screened based on the following inclusion criteria: (1) age > 18 years; (2) gestational age > 28 weeks; (3)

regular prenatal check-ups in the hospital. Exclusion Criteria: (1) the data is incomplete; (2) patients with mental illness;
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Table 2 Logistic Regression Model Evaluating Potential Independent Predictors of FOC in Late-Term Pregnant Women

Gravidity

Parity

Educational Level

Work Situation

History of Adverse
Pregnancy Outcomes

History of Infertility

History of Cesarean
Section

Planned Pregnancy

ART

Age

City

High school/secondary
school or below
College/Undergraduate

Postgraduate and above

No
Yes

No

Yes

Yes

No

Yes

No
Yes

Mean = SD

205 (53.5%)

89 (23.2%)
120 (31.3%)

100 (26.1%)

31 (8.1%)

43 (11.2%)

154 (40.2%)
182 (47.5%)

47 (12.3%)

258 (67.4%)

123 (32.1%)

2 (0.5%)

112 (29.2%)
271 (70.8%)

324 (84.6%)

59 (15.4%)

379 (99%)

4 (1%)

373 (97.4%)

10 (2.6%)

84 (21.9%)

299 (78.1%)

381 (99.5%)
2 (0.5%)

27.2 +3.0

138 (55.4%)

56 (22.5%)
30 (12%)

82 (32.9%)

76 (30.5%)

5 (2%)

129 (51.8%)
108 (43.4%)

12 (4.8%)

150 (60.2%)

77 (30.9%)

22 (8.8%)

69 (27.7%)
180 (72.3%)

89 (35.7%)

160 (64.3%)

180 (72.3%)

69 (27.7%)

153 (61.4%)

96 (38.6%)

20 (8%)

229 (92%)

197 (79.1%)
52 (20.9%)

27.7+ 3.5

1.08 (0.78-1.49,
p=0.640)

0.40 (0.24-0.67,

p<0.001)
130 (0.84-2.03,
p=0.242)

3.90 (2.28-6.65,
p<0.001)

0.18 (0.07-0.49,
p<0.001)

0.71 (0.51-0.99,
p=0.043)

0.30 (0.16-0.60,
p<0.001)

1.08 (0.76-1.53,
p=0.678)

18.92 (4.39-81.54,
p<0.001)

1.08 (0.76-1.54,
p=0.677)

9.87 (6.75-14.43,
p<0.001)

36.32 (13.05-101.07,
p<0.001)

23.40 (11.88-46.10,
p<0.001)

3.22 (1.92-5.40,
p<0.001)

50.28 (12.13-208.48,
p<0.001)

1,05 (1.00-1.11,
p=0.045)

Name Desc Non-FOC FOC OR OR
(N=383) (N=249) (Univariable) (Multivariable)
Residential area Countryside 178 (46.5%) 111 (44.6%)

0.00 (0.00-0.16, p=0.013)

0.01 (0.00-7.93, p=0.177)

0.00 (0.00-1.13, p=0.053)

0.00 (0.00—1774.08, p=0.187)

0.07 (0.00-4.80, p=0.214)
0.50
(0.00-38529879054016 17.50,
p=0.970)

0.11 (0.00-6.79, p=0.298)

251.52 (0.01-7169179.74,
p=0.291)

18257.74
(18.08—18441273.14,
p=0.005)

0.03 (0.00-2.31, p=0.114)

74417.83
(110.24-50236206.49,
p<0.001)

37271 (1.47-94227.25,
p=0.036)

6.22 (0.08-476.81, p=0.409)

1.04 (0.78-1.38, p=0.783)

(Continued)
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Table 2 (Continued).

Name Desc Non-FOC FOC OR OR
(N=383) (N=249) (Univariable) (Multivariable)
Weeks Mean £ SD 37.6 1.5 374+ 14 0.93 (0.83—1.03,
p=0.171)
Income <2000 14 (3.7%) 15 (6%)
2000-5000 145 (37.9%) 49 (19.7%) 0.32 (0.14-0.70, 0.08 (0.00-2059.77, p=0.631)
p=0.004)
5000-10,000 214 (55.9%) 156 (62.7%) | 0.68 (0.32—1.45, 0.00 (0.00-78.73p=0.267)
p=0.319)
>10,000 10 (2.6%) 29 (11.6%) 2.71 (0.97-7.53, 3174.90 (0.00-Inf, p=0.985)
p=0.056)
Payment At your own expense 165 (43.1%) 133 (53.4%)
Health insurance 218 (56.9%) 116 (46.6%) | 0.66 (0.48-0.91, 56.38 (1.02-3126.80,
p=0.011) p=0.049)
SAS Mean + SD 348 £5.9 55.2+ 85 1.55 (1.44-1.68, 1.47 (1.07-2.02, p=0.016)
p<0.001)
CBSEI Mean * SD 2224+ 175 164.8+ 24.9 0.90 (0.88-0.92, 0.93 (0.87-0.98, p=0.014)
p<0.001)
SSRS Mean * SD 41.1 4.6 357+ 48 0.77 (0.73-0.80, 0.65 (0.45-0.94, p=0.024)
p<0.001)

Notes: Unbolded values in parentheses are 95% Cl; Bolded values in parentheses are percentage. p<0.05 indicates that it is statistically significant.
Abbreviations: ART, assisted reproductive technology; SD, standard deviation.

(3) pregnant women who are transferred to the other hospital for delivery; (4) congenital dysplasia; (5) pregnant women
who do not know Chinese. Consent was obtained from each eligible woman before they completed the questionnaires.

Our study included a total of 17 risk valuables. Nine hundred and one cases were divided into a training set and
a testing set in a 7:3 ratio. Therefore, the sample size for the training set was 901 x 0.7 = 632 cases, and the sample size
for the testing set was 901 x 0.3 = 269 cases.

Data Collection

In the medical record system, obtain information on age, gestational weeks, frequency of pregnancies and births, work
situation, education level, adverse pregnancy outcomes history, infertility history, cesarean section history, planned
pregnancy, assisted reproduction history, and medical insurance. At the same time, several questionnaires for participat-
ing pregnant women to fill out their household per capita monthly income, anxiety self-assessment scale, childbirth self-
efficacy scale, social support assessment scale and FOC scale.

The Self-Rating Anxiety Scale (SAS) was developed by W.K. Zung in 1971 to assess individuals’ subjective feelings
of anxiety symptoms. It serves as a tool for measuring the severity of anxiety and tracking changes during treatment.
Anxiety is a common emotional disorder encountered in psychological counseling clinics, and in recent years, the SAS
has been utilized as a self-assessment tool to better understand anxiety symptoms in counseling settings.

The Childbirth Self-Efficacy Inventory (CBSEI) consists of two dimensions: outcome expectations and self-efficacy
expectations. Each dimension includes 16 items, and each item is scored using a 10-point scale, where 0 points represent
“not helpful at all/completely uncertain” and 10 points represent “very helpful/very certain.” The total score ranges from
32 to 320 points, with higher scores indicating greater self-efficacy in the subjects. The Cronbach’s a coefficient of this
scale is 0.96, and the structural validity is 0.85.'®

The Social Support Rating Scale (SSRS) is an evaluation scale designed by Xiao Shuiyuan in 1986, consisting of ten
items that explore social relationships and health. Since 1986, the SSRS has been used in over twenty studies in China

and has been translated into Japanese for an international collaborative research project. Feedback indicates that the
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Figure 2 ROC curve of the training set.

design of the questionnaire is generally reasonable, the items are easy to understand and unambiguous, and it has good
reliability and validity."

The Childbirth Anxiety Questionnaire (CAQ) was originally compiled by Tanglakmankhong et al to assess pregnant
women’s attitudes and expectations towards childbirth. It consists of four dimensions and 16 items: the fetal health
dimension, the pain and injury dimension, the self-control dimension, and the medical care dimension. This study used
the Chinese version of the CAQ, which has a Cronbach’s a coefficient of 0.91, with factor Cronbach’s a coefficients
ranging from 0.678 to 0.853. Additionally, the test-retest reliability is reported at 0.803, with factor test-retest reliability
ranging from 0.812 to 0.921. These results indicate that the scale demonstrates a significant level of stability over time.

Grouping Criteria
Based on the CAQ score results completed by the pregnant women during recruitment, they were categorized into two
groups: the FOC group (score > 28) and the non-FOC group (score < 28).'°

Moral Considerations

This was a cross-sectional study, and exemption from informed consent was approved by the Medical Ethics Committee
of Maternal and Child Health Hospital affiliated to Anhui Medical University (approval numberYYLL20200425-LW-LL
-05-1.0). All experimental protocols were approved by the Medical Ethics Committee of Anhui Maternal and Child
Health Hospital and all methods were carried out in accordance with the Declarations of Helsinki. All participants were

316 https: International Journal of Women’s Health 2025:17



Zhang et al

S~ Logistic
SVM
GBM
NeuralNetwork
o | RandomForest
e Xgboost
KNN
Adaboost
= LightGBM
% g 1 CatBoost
j'f All
O
Z
=
o
N
5 <
5 < 7
3
8
12}
o
(e
[ws]
S -

[ I I I I |
0.0 0.2 0.4 0.6 0.8 1.0

High Risk Threshold

Figure 3 DCA curve of the training set.

informed of the purpose of the research prior to commencement and assured that the information collected would be used
solely for research purposes.

Analysis of Risk Factors for FOC in Late-Term Pregnant Women

Seventeen risk factors affecting FOC were set as independent variables. Univariate logistic regression analysis was
performed for the CAQ score as the dependent variable. The strength of the association between each independent
variable and the dependent variable was analyzed separately. The variables of p <0.05 were included in the multivariate
logistic regression analysis, and the joint effect of these meaningful variables on the dependent variable (FOC) was
studied. The variable p <0.05 was an independent risk factor for FOC.

Construction of Risk Predictive Model via Machine Learning

Six meaningful variables after logistic regression analysis were modeled using machine learning methods. Ten types of
machine learning were used, including Logistic, SVM, GBM, Neural Network, RF, Xgboost, KNN, Adaboost,
LightGBM, and CatBoost. Based on the integration of 101 algorithm combinations of these 10 machine learning
algorithms, the training set and testing set were used to apply the 101 algorithm combinations to construct the disease
risk prediction model.

Evaluation of Risk Predictive Model for FOC

The model is evaluated based on three key dimensions: indexing, calibration, and clinical utility. In this study, the area
under the receiver operating characteristic (ROC) curve (AUC) is used to assess the model’s identification ability for the
modeling group. The calibration curve is used to determine the degree of consistency between predicted probabilities and
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observed outcomes. Additionally, decision curve analysis (DCA) is employed to evaluate the model’s clinical validity.
The same three methods are applied to validate the model using the testing set data.

Statistical Methods

All analyses were performed using R software(version 4.4.1). Measurement data are presented as (x £ s). For inter-group
comparisons, the Wilcoxon rank-sum test is used. Count data are expressed as n (%), and inter-group comparisons are
conducted using the chi-square test or Fisher’s exact test. All tests are two-tailed, and a P value of <0.05 is considered
statistically significant.

Results

Figure 1 We summarized the study’s procedure. First, we recruited the population according to the inclusion and
exclusion criteria, and finally recruited a total of 901 pregnant women, then collected their data and performed data
cleaning. Second, according to a specific ratio, the data are divided into a training set (n = 632) and a testing set (n =
269). Third, the training set was divided into an FOC group and a non-FOC group, and then univariate analysis,
univariate regression analysis, multivariate regression analysis, and machine learning modeling were carried out step by
step. Finally, to assess the model’s performance, we evaluated its reliability using both the training set and the testing set.
This evaluation involved constructing Receiver Operating Characteristic (ROC) curves, Decision Curve Analysis (DCA)

curves, and calibration curves.
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Figure 5 ROC curve of the testing set.

Univariate Analysis of Risk Factors for FOC in Late-Term Pregnant Women

A total of 632 cases were included in the training set, among which 249 cases occurred FOC, resulting in an incidence
rate of 39.4%. Univariate analysis revealed significant statistical differences (P < 0.05) between the FOC group and the
non-FOC group in several areas, including gravidity, parity, education level, adverse pregnancy outcomes, cesarean
section, infertility, planned pregnancies, assisted reproduction, family monthly income, medical insurance coverage, SAS
scores, CBSEI scores, SSRS scores, and age, as detailed in Table 1.

Logistic Regression Multi-Factor Analysis of FOC in Late-Term Pregnancy

In this study, risk factors were identified as independent variables, while the presence of FOC among pregnant women in
late pregnancy was the dependent variable. A logistic regression analysis was conducted. The results, presented in
Table 2, indicated that the following factors are independent risk factors for FOC: educational level, history of adverse
pregnancy outcomes, history of cesarean sections, whether the pregnancy was planned, whether the pregnancy was
achieved through assisted reproduction, a family monthly income per capita, medical insurance coverage, the SAS score
and age. The final model included six variables.

Evaluation of the Predictive Model for FOC via the Training Set

The area under the ROC curve (AUC) is used to validate the model and its discriminative ability. The AUC values for ten
machine learning models are as follows: 0.935, 95% CI: 0.916-0.953; 0.896, 95% CI: 0.871-0.920; 0.982, 95% CI:
0.973-0.991; 0.935, 95% CI: 0.917-0.953; 0.964, 95% CI: 0.948-0.980; 0.943, 95% CI: 0.926-0.959; 0.965, 95% CI:
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0.952-0.979; 0.916, 95% CI: 0.895-0.937; 0.995, 95% CI: 0.990-1.000; 0.968, and 95% CI: 0.956-0.979 (Figure 2).
Using DCA to evaluate clinical validity, the decision curves for ten machine learning models are higher than the None
line and the All line within the threshold range of clinical value, indicating that the model has a higher net benefit in
practical clinical application (Figure 3). A calibration curve is utilized to assess the alignment between predicted
probabilities and actual observations. The model’s prediction results closely match the actual outcomes, indicating
high reliability (Figure 4).

Evaluation of the Predictive Model for FOC via the Testing Set

A total of 269 cases were randomly assigned to the testing set, and the area under the ROC curve was used to verify the
model and discriminative ability. The area under the ROC curve for the ten machine learning models are as follows:
0.913, 95% C1: 0.880-0.947, 0.876, 95% CI: 0.835-0.917, 0.943, 95% CI: 0.917-0.969, 0.908.95% C1: 0.873-0.942,
0.933, 95% CI: 0.903-0.964; 0.902, 95% CI: 0.867-0.936; 0.926, 95% CI: 0.897-0.955; 0.869.95% C1: 0.828-0.910;
0.959, 95% CI: 0.934-0.983; 0.931, 95% C1: 0.903—-0.959 (Figure 5). Using decision analysis curve (DCA) to evaluate
clinical validity. The decision curves for the ten machine learning models are higher than both the “None” line and the
“All” line within the clinically valuable threshold range (Figure 6). This indicates that the models provide a greater net
benefit for practical clinical application. A calibration curve is utilized to assess the alignment between predicted
probabilities and actual observations. The model’s prediction results closely match the actual outcomes, demonstrating
a high level of reliability and accuracy (Figure 7).
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Figure 6 DCA curve of the testing set.
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Discussion

FOC is a unique psychological illness and one of the major causes of maternal mortality, which has a detrimental effect
on maternal and infant pregnancy outcomes.'*'” The early diagnosis and intervention of FOC is of great clinical
significance. However, there is limited research on the pathogenesis and etiology of FOC. Most existing predictive
models for FOC have been developed using regression analysis, with few studies exploring models constructed using
machine learning methods. To address this gap, we utilized ten effective machine learning algorithms to create prediction
models for FOC. Our models significantly enhance efficiency, and the AUC value we achieved is higher than that of the
model established by Min Gaohui et al*® providing greater research value to the medical field.

The incidence of FOC in this study was 39.4%. Pregnant women with multiple pregnancies, planned pregnancies,
have a history of previous adverse pregnancy outcomes and cesarean sections, self-payment by Medicare, and high SSRS
scores are at high risk of developing FOC. This is different from the incidence of FOC in Chinese pregnant women found
by Zheng et al, probably because the sample size of this study was not diverse enough. The results are somewhat similar

1.21

to those of Rong Xu et al.”" This study found a strong association between gravidity and FOC in pregnant women. This is

consistent with the findings of Wijma et al'®

in terms of pregnancies, possibly because the fewer pregnancies, the more
unfamiliar the pregnant woman is with this new experience and the more intense her feeling of FOC. In this study, it is
believed that adverse pregnancy outcomes history could lead to the occurrence of FOC, and it had been reported that
pregnant women with unplanned pregnancies have a higher incidence of FOC,* and pregnant women with unplanned
pregnancies are more stressed, and pregnant women are not psychologically and physically prepared for pregnancy,

resulting in an increased risk of FOC.*> A history of previous adverse pregnancy outcomes can interfere with the
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psychology of pregnant women, leading to the development of FOC, and the majority of women in the FOC group in this
study had a history of adverse pregnancy outcomes, consistent with a study in Sweden.* Cesarean section is a traumatic
event, and pregnant women who undergo cesarean section are at greater risk of emotional problems than vaginal
delivery,® as is the case in this study. Social support is an important factor affecting people’s social life, and pregnant
women are psychologically fragile due to the influence of hormones during pregnancy and are prone to depression and
fear without the support of family and society.”® Additionally, this study found that pregnant women in the FOC group
utilized Medicare, while those in the non-FOC group paid out of pocket, aligning with existing research findings.
Finally, it should be noted that the SAS score and CBSEI score were included in the predictors, and machine
learning established a disease prediction model. The model’s clinical effectiveness was assessed using a DCA curve
(Supplementary Figure S1). Calibration curves are used to evaluate the fit of the model (Supplementary Figure S2).
We found the AUC value of the ROC curve was between 0.9 and 1 (Supplementary Figure S3). The DCA curve of
testing set indicates that the models provide a greater net benefit for practical clinical application (Supplementary

Figure S4). The calibration curves of testing set demonstrated a high level of reliability and accuracy
(Supplementary Figure S5). The AUC value of the ROC curve of the testing set was between 0.9 and 1

(Supplementary Figure S6). We consider that the accuracy of the model is too high, which may be similar to

some items in the SAS scale, CBSEI scale, and CAQ scale, leading to overfitting of the model. This overfitting may
result in filling out these questionnaires meantime in real life to predict the occurrence of FOC with inaccuracy. With
such models in everyday practice, we need to train clinicians or integrate models into existing healthcare systems,
which is a challenge.

Conclusion

In this study, appropriate statistical methods were used to detect FOC in late-term pregnant women before their delivery.
We used machine learning to construct a FOC risk predictive model, which included six risk factors: gravidity, history of
adverse pregnancy outcomes, history of cesarean section, planned pregnancy, medical insurance payment, and SSRS
score. This model holds significant clinical value. In future clinical work, psychological counseling could be carried out
for pregnant women with high-risk factors of childbirth fear to reduce their incidence and adverse outcomes. However,
the study has some limitations, including a small sample size, being conducted at a single center, and limited data. This
can have an impact on the generalizability of the results. To enhance the prediction accuracy of the model, it is essential
to conduct further large-sample, multi-center prospective studies. This will improve the effectiveness of the model for
screening and intervening in high-risk clinical populations. The results of the study highlight the influencing factors of
childbirth fear, providing targeted intervention measures for clinical medical staff to alleviate pregnant women’s FOC
and enhance the childbirth experience.
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