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Abstract

Background Second-trimester miscarriage is a common adverse pregnancy outcome that imposes substantial
economic and psychological pressures on both the physical and mental well-being of patients and their families. Cur-
rently, there is a scarcity of research on predictive models for the risk of second-trimester miscarriage.

Methods Clinical data were retrospectively collected from patients who were in the second trimester of pregnancy
(between 14+0 and 27+6 weeks gestation), whose main diagnosis was “threatened abortion”and who were hospi-
talized at the Women and Children’s Hospital of Ningbo University from January 2020 to October 2023. Following
preliminary data processing, the patient cohort was randomly stratified into a training cohort and a validation cohort
at proportions of 70% and 30%, respectively. The Boruta algorithm and multifactor analysis were used to refine
feature factors and determine the optimal features linked to second-trimester miscarriages. The imbalanced data-

set from the training cohort was rectified by applying the SMOTE oversampling approach. Seven machine-learning
models were built and subjected to a comprehensive analysis to validate and evaluate their predictive capabilities.
Through this rigorous assessment, the optimal model was selected. Shapley additive explanations (SHAP) were gener-
ated to provide insights into the model's predictions, and a visual representation of the predictive model was built.

Results A total of 2006 patients were included in the study; 395 (19.69%) of them had second-trimester miscarriages.
XGBoost was shown to be the optimal model after a comparison of seven different models utilizing metrics such

as accuracy, precision, recall, the F1 score, precision-recall average precision, the receiver operating characteristic-area
under the curve, decision curve analysis, and the calibration curve. The most significant feature was cervical length,
and the top ten features of second-trimester miscarriage were found using the SHAP technique based on relevance
rankings.

Conclusion The risk of a second-trimester miscarriage can be accurately predicted by the visual risk prediction
model, which is based on the machine learning mentioned above.
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Introduction

Second-trimester miscarriage (STM) is a common
*Correspondence: adverse pregnancy outcome. Miscarriages occur in
Xianhu Fu approximately 11-20% of clinical pregnancies, with STM
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of pregnancy, the effects of STM on a patient’s physical
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and mental health become more pronounced. Notably,
certain early clinical symptoms and pregnancy complica-
tions may predict adverse clinical pregnancy outcomes
[3, 4]. Current medical technology and research have
made some progress in predicting miscarriage using
machine learning (ML) models. Most related studies have
focused on early miscarriage [5] and premature deliv-
ery [6], with little research on intermediate miscarriage.
The risk factors for STMs are not fully known, and new
predictive models and approaches must be developed to
detect STMs.
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Clinical risk prediction models are ubiquitous in
many medical domains, and ML algorithms are gaining
popularity as alternative approaches for prediction and
classification problems [7, 8]. Since there are few stud-
ies on ML prediction models for STM, this research
aims to establish a visual ML prediction model that can
be used to predict the risk of STM.

Methods
The overall workflow is illustrated in Fig. 1.
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Fig. 1 Flowchart of the predictive model
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Participants

Patients admitted to Ningbo University’s Women and
Children’s Hospital with a primary diagnosis of “threat-
ened miscarriage” were enrolled between January 2020
and October 2023.

Threatened miscarriage is defined as follows: There is
initial vaginal bleeding or spotting indicators, followed
by abdominal pain or lower back pain. The uterus size
matches the gestational age, the cervix stays closed, the
membranes are unbroken, and no foetal tissue has passed
through. If symptoms persist or worsen, threatened mis-
carriage may escalate to a complete abortion.

Inevitable abortion is defined as follows: If the cervi-
cal opening is dilated, there is tissue blockage or water
outflow, or an amniotic sac is visible, then miscarriage is
unavoidable [9].

Inclusion criteria

Patients who were between 14+0 and 27+6 weeks ges-
tation and whose main diagnosis was consistent with
“threatened miscarriage”

Exclusion criteria

(1) Patients who were diagnosed with “inevitable abor-
tion” at the time of admission. (2) Patients with systemic
diseases, including multiple malignant tumours, mental
illness, clotting issues, severe cardiovascular and liver
conditions, haematologic conditions, and severe surgi-
cal diseases. (3) Patients with definite embryonic or foetal
chromosomal abnormalities. (4) Patients who were vol-
untarily discharged from the hospital or transferred to
a higher-level hospital for treatment with unclear preg-
nancy outcomes.

In addition, to avoid bias from multiple hospitaliza-
tions, only the most recent hospitalization information
was recorded for the same patient. This research was
approved by the Ethics Review Board of Women and
Children’s Hospital of Ningbo University. Given the ret-
rospective nature of the study, informed consent from
the participants was not required.

Predictive variables and outcome variables

We identified the predictive variables for this investiga-
tion by collecting and summarizing the current literature,
as well as clinical experience. The data included maternal
age, gestational week, parity, maternal history, prepreg-
nancy body mass index (BMI), assisted pregnancy, and
multiple pregnancies. The patient’s chief complaint was
abdominal pain, vaginal bleeding, and vaginal discharge.
The following laboratory tests were performed on the day
of admission: white blood cell (WBC) count, neutrophil
percentage, C-reactive protein (CRP) level, and presence
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of vaginitis during pregnancy. B-scan ultrasonography
revealed the presence of a subchorionic haematoma and
cervical length. The complications of pregnancy included
the presence or absence of uterine abnormalities, abnor-
mal amniotic fluid volume, diabetes, hypertension, anae-
mia, thrombophilia, thyroid disease, scarred uterus, and
uterine fibroids. The anamnesis included the history of
preterm birth, history of second trimester miscarriage,
number of intrauterine procedures, and presence or
absence of cervical neoplasms after cervical surgery.

The outcome variable was whether the pregnancy out-
come progressed to spontaneous abortion.

Sample size calculation

According to the literature [10], the prevalence of outpa-
tient STM was p ~ 25%, the tolerated error was § ~ 0.01
P, and the sample size calculation indicated that 1153
patients were needed. Given that approximately 10% of
patients drop out and are lost to follow-up, at least 1281
patients had to be recruited in the training cohort con-
secutively [11].

Statistical analysis

The R (version 4.3.1) “VIM” package was used to count
the missing values for each factor in the cases examined.
By using the “zoo” package in R to fill in missing data,
the createDataPartition function in the R “caret” package
randomly divided all the data into two groups: a training
cohort and a validation cohort (7:3). SPSS 26.0 software
was used to compare the training and validation cohorts;
the chi-square test was used for categorical variables, and
the results are reported as quartiles; the Mann-Whitney
U test was used to describe nonnormal counting data
between groups, and the results are reported as frequen-
cies (percentages).

Feature selection

To avoid factor collinearity, a collinearity test was per-
formed on the features included in the study using the
“corrplot” package. The “Boruta algorithm” was applied
to the modelling group through the “Boruta” package
to obtain the primary screening variables. Multivari-
ate analysis was then performed on the filtered variables
using SPSS 26.0, and the variables with a statistically sig-
nificant difference of P<0.05 were selected as the final
optimal variables.

The SmoteClassif function in the “UBL” package was
utilized to create fresh minority samples for the model-
ling group to address the issue of class imbalance. The
newly generated data were then combined with the mod-
elling group’s original data to regenerate the modelling
group data [12]. All analyses were performed using R
software and SPSS.
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Model construction and model evaluation

The model for this study was built using seven distinct
ML techniques: Logistic Regression (LR), K-Nearest
Neighbors (KNN), Support Vector Machine (SVM),
Deci-sion Tree (DT), Random Forest (RF), EXtreme Gra-
dient Boosting (XGBoost), and Artificial Neural Network
(ANN). The model hyperparameters were tuned for opti-
mization, and model performance was evaluated based
on accuracy, precision, recall, the F1 score, the receiver
operating characteristic (ROC)-AUC, the precision-recall
area under the curve (PR-AP), decision curve analysis
(DCA), and the calibration curve.

Prospective verification

From January to March 2024, a pregnancy outcome pre-
diction study was conducted on patients who were diag-
nosed with threatened abortion in the second trimester
of pregnancy and who met the inclusion criteria at the
Women and Children’s Hospital of Ningbo University.
The predicted outcomes are expressed as the accuracy,
precision, recall, F1 score, ROC-AUC, and PR-AP.

SHAP model explained

Using the “shapviz” package in R software, we employed
XGBoost to interpret the Shapley additive explanations
(SHAP) of the importance and contribution of the fea-
tures to the overall model. In addition, we performed
SHAP demonstrations on individual samples and created
simple application software.
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Results

Patient characteristics

Between January 2020 and October 2023, a total of 2,172
patients diagnosed with “threatened abortion” between
14+0 and 27+6 weeks gestation were admitted to the
Women and Children’s Hospital of Ningbo University.
After applying the exclusion criteria, we excluded 166
patients: two who had mental disorders, 153 who were
hospitalized repeatedly, and eleven who were automati-
cally discharged from the hospital for specific reasons.
Ultimately, our study included a total of 2006 patients;
among them, spontaneous abortion occurred in 395
(19.69%) patients. We considered thirty potential predic-
tive variables for analysis while statistically accounting
for missing values within each factor across all included
cases. The missing data for cervical length (4.99%),
CRP (3.54%), abnormal amniotic fluid volume (1.94%),
prepregnancy BMI (0.25%), WBC (0.15%), and neutro-
phil percentage (0.15%) accounted for less than five per-
cent of the individual data, as shown in Fig. 2. We filled
missing values using the mean for numerical variables
and the mode for categorical variables [13].

This study examined 30 risk variables that may contrib-
ute to STM. To avoid collinearity among the numerous
features, a correlation heatmap was created to predict
the risk features for STM. A correlation heatmap is a
visualization tool that displays the correlation coefficient
between features in the form of a heatmap and represents
the degree of correlation between features using colour
shading [14]. Figure 3 depicts the correlation analysis of
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Fig. 2 aThe percentage of missing datas in each variable, b With the red squares representing the missing values STM: Second-trimester
miscarriage HPB: History of preterm birth STMH: Second-trimester miscarriage history NIP: Number of intrauterine procedures SCH:

Subchorionic haematoma WBC: White blood cell count NEU%: Neutrophil percentage CRP: C-reactive protein BMI: Body mass index VP: Vaginitis
during pregnancy AP: Assisted pregnancy MP: Multiple pregnancies PA: Placental abnormalities AAV: Abnormal amniotic fluid volume UA: Uterine

abnormalities NC: Neoplasms of cervix ACS: After cervical surgery
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Fig. 3 STM: Second-trimester miscarriage HPB: History of preterm birth STMH: Second-trimester miscarriage history NIP: Number of intrauterine
procedures SCH: Subchorionic haematoma WBC: White blood cell count NEU%: Neutrophil percentage CRP: C-reactive protein BMI: Body mass
index VP: Vaginitis during pregnancy AP: Assisted pregnancy MP: Multiple pregnancies PA: Placental abnormalities AAV: Abnormal amniotic fluid
volume UA: Uterine abnormalities NC: Neoplasms of cervix ACS: After cervical surgery

risk features in the included studies, with the Spearman
correlation coefficient being less than 0.6, showing a low
correlation between the included features.

Following data preprocessing, all the data were ran-
domly divided into a training cohort (1405 patients) and
a validation cohort (601 patients) at a 7:3 ratio, and there
was no significant difference between the training and
validation cohorts (P>0.05). (Additional file 1: Table S1)

Feature selection

Boruta is a feature selection algorithm based on the
random forest classifier. This method iteratively com-
pares the importance of each variable with randomly
shaded attributes to identify significant relevant varia-
bles [15]. In our study, Boruta performed 500 iterations,
and the selection results were summarized in Fig. 4.
Variables having box plot in green shows all predictors
are important. If boxplots are in red, it shows they are
rejected. And yellow color of box plot indicates they
are tentative. The following features were associated
with the risk of STM: maternal age, abdominal pain,

vaginal bleeding, vaginal discharge, cervical length,
number of intrauterine procedures, subchorionic hae-
matoma, uterine fibroids, WBC, neutrophil percentage,
CRP, anaemia, and placental abnormalities. A multi-
variate analysis of the 13 features is presented in Fig. 5.
The features with statistically significant differences of
P<0.05 were selected as the final features. The resulting
10 ideal features were as follows: abdominal pain, vagi-
nal bleeding, vaginal discharge, cervical length, subcho-
rionic haematoma, uterine fibroids, WBC, neutrophil
percentage, CRP, and placental abnormalities. Accord-
ing to the statistical findings, the risk of STM was
19.69%, which was significantly lower than the prob-
ability of no miscarriage occurring-a sign of an unbal-
anced data sample. The classifier is biased towards a
high number of samples after training, which damages
the classification result if the issue of sample imbalance
is not addressed. From the standpoint of data, the ran-
dom sampling technique is a way to address the issue of
data imbalance and can be broadly classified into two
types: undersampling and oversampling. Oversampling
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Fig. 4 Variables having box plot in green shows all predictors are important. If boxplots are in red, it shows they are rejected. And yellow color

of box plot indicates they are tentative. STM: Second-trimester miscarriage HPB: History of preterm birth STMH: Second-trimester miscarriage history
NIP: Number of intrauterine procedures SCH: Subchorionic haematoma WBC: White blood cell count NEU%: Neutrophil percentage CRP: C-reaction
protein BMI: Body mass index VP: Vaginitis during pregnancy AP: Assisted pregnancy MP: Multiple pregnancies PA: Placental abnormalities AAV:

Abnormal amniotic fluid volume UA: Uterine abnormalities NC: Neoplasms of cervix ACS: After cervical surgery
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is a frequently used technique that can effectively pre-
vent overfitting. In this study, SMOTE oversampling
technology was utilized to generate minority samples,
ensuring that the ratio of positive to negative samples
in the second trimester of pregnancy was 1:1 and that
the data structure was balanced [16], generating a post-
SMOTE dataset (Additional file 2: Table S2).
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Model construction and evaluation

In this study, seven different ML techniques were used to
establish the model: LR, KNN, SVM, DT, RE, XGBoost,
and ANN. The performance of the seven models in terms
of the ROC-AUC and PR-AP for both the training cohort
and validation cohort is displayed in Fig. 6. The accuracy,
precision, recall, and F1 score are compared in Table 1,
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Fig. 6 Receiver operating characteristic curves and precision-recall curves. a-b Receiver operating characteristic curves in the training cohort
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SVM: Support Vector Machine DT: Decision Tree RF: Random Forest, XGBoost: EXtreme Gradient Boosting ANN: Artificial Neural Network
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Table 1 Performance metrics for prediction models in the training and validation cohort
Accuracy Precision Recall F1-score ROC-AUC PR-AP
Training cohort
LR 0.780 0.810 0.727 0.766 0.865 0.850
KNN 0916 0.885 0.955 0918 0.978 0.979
SVM 0.768 0.770 0.760 0.765 0.864 0.843
DT 0.784 0.764 0.816 0.789 0.807 0.754
RF 0.869 0.857 0.882 0.869 0.934 0.930
XGBoost 0918 0.923 0911 0917 0.975 0.976
ANN 0.870 0.890 0.841 0.865 0.943 0.935
Validation cohort
LR 0.795 0.486 0.720 0.580 0.843 0.640
KNN 0.729 0.380 0.602 0.466 0.751 0.440
SVM 0.707 0.389 0.864 0.537 0.835 0.629
DT 0.714 0374 0.678 0482 0.721 0.356
RF 0484 0.653 0.653 0.556 0.796 0.547
XGBoost 0.817 0.529 0.627 0.574 0.833 0.650
ANN 0.651 0.332 0.771 0464 0.762 0.480

LR: Logistic Regression KNN: K-Nearest Neighbors SVM: Support Vector Machine DT: Decision Tree RF: Random Forest XGBoost: EXtreme Gradient Boosting ANN:
Artificial Neural Network PR-AP: Precision-Recall Average Precision ROC-AUC: Area under the receiver operating characteristic curve

and the performance data of each model are compared in
several dimensions using the radar map depicted in Fig. 7
to enhance the clarity and visual appeal of the results.
Out of the seven models, three models all showed high
predictive performance: the LR model (AUC = 0.843),
SVM (AUC = 0.835), and XGBoost (AUC = 0.833). An
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Precision

ROC_AUC Recall

F1_score

—* LR SVM —*— RF —— ANN

—&— KNN —e— DT XGBoost

AUC greater than 0.8 indicates good predictive perfor-
mance. The prediction capability of the KNN (AUC =
0.751), DT (AUC = 0.721), RF (AUC = 0.796), and ANN
(AUC = 0.771) models is moderate. The RF model has a
highest precision, with a value of 0.653, followed by the
XGBoost (precision of 0.529). However, XGBoost has the
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Fig. 7 Radar map for comparative performance analysis of machine learning models. LR: Logistic Regression, KNN: K-Nearest Neighbors, SVM:
Support Vector Machine DT: Decision Tree RF: Random Forest, XGBoost: EXtreme Gradient Boosting ANN: Artificial Neural Network ROC-AUC: Area

under the precision-recall curve PR-AP: Precision-Recall Average Precision
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highest PR and accuracy, with values of 0.650 and 0.817,
respectively. When the clinical effectiveness of the pre-
diction model was assessed using clinical decision curve
analysis (DCA), the XGBoost model achieved a greater
net benefit within a specific range than another models
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(Fig. 8), indicating that the XGBoost model has good
clinical utility. Brier Score is a metric used to evaluate the
accuracy of probability predictions, the lower the Brier-
score, the more accurate the model’s predictions are. The
calibration curve analysis reveals that the XGBoost model
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outperforms the others, boasting the lowest Brier Score
(0.132 in the validation group). The aforementioned find-
ings unequivocally demonstrate that the XGBoost model
is theoptimal model.

Prospective verification

The prediction model was clinically evaluated, and data
from 120 patients who satisfied the inclusion and exclu-
sion criteria of the Women’s and Children’s Hospital of
Ningbo University from January to March 2024 were pro-
spectively collected. Of these, 15.0% (18/120) had STM.
The model had an accuracy of 0.858, precision of 0.519,
recall of 0.778, F1 score of 0.622, ROC-AUC of 0.883, and
PR-AP of 0.702, as shown in Table 2.

SHAP model interpretation

Interpretation of SHAP scores is as follows. For the
SHAP value (Fig. 9a), each row presents the distribu-
tion of SHAP values assigned to a feature across all cases.
The x-axis denotes the SHAP value, which indicates the
magnitude and direction of a feature’s contribution to the
model’s prediction. The absolute value of SHAP values
reflects the strength of a feature’s impact on the model’s
prediction. A large positive value suggests the feature sig-
nificantly boosts the prediction, whereas a large negative
value indicates a substantial decrease in the prediction
due to the feature. For example, for cervical length, the
patient’s SHAP value is positive when the cervical length
is shorter, and negative when the cervical length is lower.
In the SHAP interpretation for our prediction model, the
shorter the cervical length is, the greater the risk of STM.
The weight of each feature is determined by the average
absolute value of the SHAP value for each feature, mul-
tiplied by the length of the band. The importance matrix
plot (Fig. 9b) ranked the variables contributing to STM
risk prediction from most to least important as cervical
length, CRP, neutrophil percentage, vaginal bleeding, and
vaginal discharge emerged as the five most influential
variables in predictive power. We also use SHAP depend-
ency graphs to evaluate the nonlinear impacts of features
(Fig. 9c). The SHAP analysis revealed how each input
feature influenced the model’s output, providing poten-
tial explanations for the predictions. Yellow-colored fea-
tures that increase the likelihood of an STM are shown
on the left side, indicating a positive value. On the other
hand, qualities that reduce the likelihood of STM are

Table 2 Prospective verification of XGBoost
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highlighted in purple and on the right, leading to a nega-
tive score. The band length of each trait indicates the
value of the input feature for each patient, the longer the
arrow, the bigger the impact of the feature on the output.
Furthermore, the SHAP values for two typical samples
were determined using the XGBoost model. Based on
Fig. 9d, the pregnant woman did not report any vaginal
bleeding, yet displayed a cervical length of less than 20
mm, a high neutrophil percentage of 82.8%, a WBC count
of 13.8 x 10°/L, and a CRP level of 2.27 mg/L. Among
these factors, cervical canal length, WBC count, and
neutrophil percentage contributed positively to the pre-
diction of STM, with contribution values of 1.54, 0.312,
and 1.62 respectively. In contrast, the absence of vaginal
bleeding, CRP, and the remaining five factors exerted a
negative influence, characterized by contribution values
of -0.504, -0.204, and -0.164 respectively. Since the total
positive contribution (Yellow-colored stripes) is larger
than the negative contribution (purple stripe), the final
value is greater than the base value. The point in the fig-
ure represents that the baseline value (expected value) of
the model is -0.0146, and the total aggregate output value
of the model is f(x) = 2.58, indicating that the patient was
at a high risk of STM, that’s how SHAP works. In another
pregnant woman (as illustrated in Fig. 9e), the cervical
length was measured at over 30 mm, the CRP level was
12 mg/L, the WBC count was 8 x 109/L, the neutrophil
percentage was 66%, and the SCH was larger than 10
mm, the total value of the other five factors has a lesser
impact. Specifically, the cervical canal length, neutrophil
percentage, and WBC count had a negative contribution
of -0.91, -0.953, and -1.34 respectively, while SCH and
CRP had positive contributions of 0.438 and 0.661. The
point depicted in the figure signifies the model’s baseline
value at -0.0146. The cumulative output of the model is
represented by f(x) = -2.07, suggesting that the patient
was at a lower risk for STM.

In addition, a web-based tool was built for clinicians to
use the proposed model (available at https://qisangsang.
shinyapps.io/STMRISK/) (Fig. 10).

Discussion

Different countries have different definitions of the sec-
ond trimester according to the level of medical care and
the ability to rescue newborns [17, 18]. At present, termi-
nation of pregnancy at 14+0 to 27+6 weeks in China is

TP TN FP FN Accuracy

Precision Recall F1-Score ROC-AUC PR-AP

XGBoost 14 89 4 13 0.858

0519 0.778 0.622 0.883 0.702

TP: True Positives TN: True Negatives FP: False Positives FN: False Negatives ROC-AUC: Area under the receiver operating characteristic curve PR-AP: Precision-Recall

Average Precision XGBoost: EXtreme Gradient Boosting
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Fig. 9 a Shapley’s additive interpretation. The positive and negative SHAP values of a feature indicate the degree to which the feature increases
or decreases the predicted value, respectively. b SHAP feature importance matrix. Each bar represents the contribution of a feature to a particular
prediction. ¢ SHAP dependence plots showing the predicted risk versus the feature value. It can reveal the relationship between features

and predictions, as well as the impact of different intervals of eigenvalues on predictions. d, @ SHAP model for two typical predictions: SCH:
subchorionic haematoma; WBC: white blood cell count; NEU%: neutrophil percentage; CRP: C-reactive protein <MF: less than menstrual flow >MF:
more than menstrual flow; PA: placental abnormalities; AD: abnormal placental development; PP: placenta previa

defined as miscarriage in the second trimester [19]. Sev-
eral studies have explored the risk factors for STM and
constructed pregnancy risk indicators. Isenlik et al. [20].
conducted a prospective cohort study and discovered
that obstetric characteristics (number of pregnancies, liv-
ing children, miscarriages, dilatation and curettage, ges-
tational age at admission, and foetal crown-rump length)
and laboratory data (complete blood count; haematocrit;

leukocyte, neutrophil, lymphocyte, and platelet counts;
C-reactive protein; neutrophil-lymphocyte and platelet-
lymphocyte ratios; and serum AA values) can be used
as biomarkers. Cheung, K W, et al. [21] conducted a
retrospective analysis of clinical data from 2012 to 2021
and found that foetal abnormalities, suspected cervical
insufficiency, diabetes mellitus, and unexplained miscar-
riage were all risk factors for STM. Kelly M. McNamee
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Fig. 10 A web-based risk assessment tool for second-trimester miscarriage

et al. [22] proposed that women experiencing STM are a
diverse group with various causes of STM and that the
presence of dual or even triple pathologies considerably
enhances the probability of subsequent STM. In this ret-
rospective study, we developed and validated a machine
learning model for predicting the risk of second-trimes-
ter miscarriage across 30 variables. The XGBoost model
outperformed the other models tested in terms of pre-
dictive performance and showed that the model is highly
accurate and stable in predicting poor pregnancy out-
comes, which may assist physicians in identifying the risk
of miscarriage in a timely manner for further prevention
and treatment.

Similar to the results of earlier research [23, 24], the
length of the cervical canal was found to be a risk fac-
tor for STM since a short cervical length can cause early
opening of the cervix and hence an incapacity to contain
the foetus. The study revealed that pregnant women with
cervical canal lengths between 20 mm and 30 mm had a
2.221-fold greater risk of developing STMs than did those
with canal lengths > 30 mm. The risk of pregnancy with
a length of less than 20 mm was 14.538 times greater
than that of pregnant women with a length of > 30 mm,
proving the feasibility of using ultrasound technology to
measure the length of the cervical canal in the first and
second trimesters to predict miscarriage. There is a close
relationship between the length of the closed cervical
canal and pregnancy outcomes; the shorter the length of
the cervical canal is, the greater the risk of STM. Routine

Developed by Sangsang Qi

blood tests are frequent clinical tests that can assist in
monitoring changes in a pregnant woman’s body and may
indirectly indicate the risk of miscarriage [25]. Markers
of inflammation in whole blood, such as hypersensitive
C-reactive protein and absolute neutrophils, have also
been shown to have important effects on second-trimes-
ter miscarriage. Higher clinical markers of inflammation
indicate the presence of infection, which can lead to mis-
carriage as a factor in STM [26]. In a retrospective study
of placental histology from more than 7000 spontaneous
abortions, chorioamnionitis was found to be present in
77% of patients with STM; that study also revealed that
most infections, particularly early occult infections, fre-
quently result in STMs [22, 27]. Infection and inflamma-
tion in patients make it easy for pathogens to enter the
area between the decidua and the chorion, where they
can release toxins, produce different cytokines, generate
and release prostaglandins, induce contractions in the
uterus, and ultimately result in miscarriage [28]. Accord-
ing to a statistical study of 4510 pregnant patients who
experienced vaginal bleeding or spotting during preg-
nancy, there is a threefold increased risk of miscarriage
when the amount of bleeding resembles or exceeds heavy
menstrual bleeding [29]. The remodelling of the placen-
tal spiral artery caused by placental blood vessel rupture
increases blood flow to the expanding placenta and sig-
nificantly boosts oxygen tone. The placenta and foetus
may be exposed to dangerously high amounts of oxida-
tive stress, which could increase the risk of miscarriage.
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Attention is warranted when a patient reports vaginal
discharge during pregnancy, as pathological vaginal dis-
charge during pregnancy is more commo n and is linked
to poor outcomes for both the mother and the foetus
[30]. Examples of these diseases include bacterial vagi-
nosis, candidiasis, and trichomoniasis. Premature rup-
ture of the membranes and miscarriage can occur due
to pathological vaginal discharge during pregnancy and
neglect of vaginal hygiene, which can easily lead to the
development of secondary vaginal inflammation, ascend-
ing infection secondary to intrauterine infection, and
decreased resistance of the foetal membranes [31]. Pla-
cental malfunction is a common cause of STM. The pla-
centa is a crucial organ for the transmission of oxygen
and nutrients between the embryo and the mother. A
healthy placenta is also essential for maintaining preg-
nancy. Inadequate placental development can make it
more difficult for the foetus to receive enough oxygen
and nutrients to maintain its growth, which increases the
risk of miscarriage [32]. Patients suffering from placenta
previa, particularly those with the placenta covering the
intrauterine orifice, have poor contractility. The placenta
in this location is prone to peeling off during a contrac-
tion, which can result in severe prenatal haemorrhage
and foetal distress, prolonged bleeding, an easily visible
genital tract infection that causes inflammation, and a
secondary intrauterine infection that can cause miscar-
riage. To lower the chance of miscarriage and safeguard
the health of the mother and unborn child, pregnant
women who are at risk for placental anomalies should be
closely monitored and treated with care.

This research not only advances our understanding
of STM but also creates a visual prediction model and a
web server that can anticipate STM. Provided as a web-
based calculator for ease of use, the tool estimates the
probability of an STM by analyzing inputted data on a
pregnant woman’s general condition. Accessible via any
web browser, the calculator can be bookmarked on com-
puters or mobile phones for quick reference. However,
our model which we have built to supplement rather
than replace the clinical decision-making process. There
are certain obstacles to overcome, such as the need for
healthcare professionals to receive the necessary training,
and we are aware of potential challenges like technology
acceptance, data privacy, and applicability of the model
for different populations.

This study has several limitations. First, the data was
retrospectively collected, some data were incomplete or
missing (e.g., cervical length, CRP, neutrophil percent-
age) in our data represented a potential bias. Second, it
was conducted at a single institution, external validation
using multicenter studies is required to establish stabil-
ity in the performance of our prediction model. Third,
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the current study’s results indicate that the causes of
STM are complex, the significance of each variable may
fluctuate throughout modeling populations, and various
researchers may find that different factors have varying
effects on STM, which affects the prediction performance
of the model. In future research, we need to gather more
detailed and varied data, such as information on various
demographic, geographical, and environmental factors,
as well as lifestyle choices, to estimate the risk of STM
more precisely. Second, it is possible to tailor models for
certain populations. For example, distinct risk predic-
tion models can be constructed based on various ethnic
groups and gestational weeks. Furthermore, ML can be
applied to the long-term dynamic monitoring of preg-
nant women’s real-time status. Future research can inves-
tigate how to integrate real-time monitoring technology
with predictive models to deliver personalized health
interventions in real-time. We anticipate that increased
research and innovation will lead to the creation of more
precise and useful risk prediction models, which will
benefit public health.

Conclusion

This work not only increased our knowledge of the risk of
miscarriage in the second trimester but also allowed us to
create a visual prediction model with good performance
and interpretability for predicting the risk of STM.
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