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Objective: Recurrent pregnancy loss (RPL), defined as two or more consecutive spontaneous miscarriages before 20 weeks of
gestation, affects 2—5% of reproductive-age women globally, and current clinical predictors for it lack sufficient accuracy. This study
aimed to construct a machine learning (ML) model for RPL prediction by integrating serum IL-33, C-reactive protein (CRP), and
lymphocyte subset counts, and validate its performance in a retrospective cohort.

Methods: A total of 340 reproductive-age women from XiDian Group Hospital and Xi’an Traditional Chinese Medicine Hospital
(January 2020-December 2024) were enrolled. Baseline clinical characteristics, IL-33, CRP levels, and lymphocyte subset counts
were collected as predictors, with RPL as the primary outcome. The dataset was split into a training set (70%) and a validation set
(30%). Logistic regression, random forest, and XGBoost were trained with hyperparameter optimization via grid search, and model
performance was evaluated by AUC, accuracy, sensitivity, specificity, PPV, and NPV.

Results: Of the 340 participants, 85 (25.0%) had RPL and 255 (75.0%) did not. The RPL group had significantly lower IL-33 and
CD4+/CD8+ ratio, higher CRP and NK cell proportions (all p < 0.001). XGBoost outperformed the other two models, with an AUC of
0.89 (95% CI: 0.82—0.96) in the training set and 0.85 (95% CI: 0.76-0.94) in the validation set; its validation set accuracy, sensitivity,
specificity, PPV and NPV were 88.1%, 82.4%, 88.7%, 28.6% and 98.7%, respectively.

Conclusion: The ML model integrating IL-33, CRP, and lymphocyte subset counts shows good discriminatory ability for RPL,
providing a preliminary reference for identifying high-risk women in clinical practice.
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Introduction
Recurrent pregnancy loss (RPL) is a common and challenging reproductive disorder, defined by the European Society of
Human Reproduction and Embryology (ESHRE) as two or more consecutive spontaneous miscarriages prior to 20 weeks
of gestation.'* With a global incidence of approximately 2-5% among reproductive-age women, RPL not only causes
physical harm to patients but also leads to severe psychological distress, including anxiety, depression, and reduced
quality of life.* ® Despite extensive research, the etiology of RPL remains unclear in up to 50% of cases, with known
contributors including chromosomal abnormalities, uterine anatomical defects, endocrine disorders, immune dysfunction,
and environmental factors.”

Immunological imbalance is recognized as a key pathological mechanism underlying idiopathic RPL.® The maternal
immune system must establish a state of immune tolerance to the semi-allogeneic fetus to maintain normal pregnancy.’'°
Disruption of this tolerance can trigger fetal rejection and miscarriage. Interleukin-33 (IL-33), a member of the IL-1

cytokine family, is involved in regulating type 2 immune responses and promoting the differentiation of regulatory T cells
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(Tregs), which play a critical role in maternal-fetal immune tolerance.''"* Reduced serum IL-33 levels have been
associated with impaired immune tolerance and increased risk of RPL in preliminary studies. C-reactive protein (CRP),
a classic acute-phase inflammatory marker, reflects systemic inflammation.'*'> Elevated CRP levels indicate chronic
low-grade inflammation, which can disrupt endometrial receptivity and placental development, thereby increasing
miscarriage risk.'®!” Lymphocyte subsets, including T cells (CD3+, CD4+, CD8+), NK cells, and the CD4+/CD8+
ratio, are core indicators of cellular immune function. Abnormal lymphocyte subset distribution such as elevated NK cell
proportion and reduced CD4+/CD8+ ratio is closely linked to RPL.'®!?

Traditional statistical methods for RPL prediction often fail to capture complex non-linear relationships between
multiple biomarkers and clinical outcomes. Machine learning (ML), a subset of artificial intelligence, can handle high-
dimensional data and identify hidden patterns, making it increasingly popular in clinical predictive modeling.®*?!
However, few studies have integrated IL-33, CRP, and lymphocyte subset counts to construct an ML-based RPL
prediction model.

This retrospective study aimed to compare the differences in serum IL-33, CRP, and lymphocyte subset counts between
RPL and non-RPL patients, develop an ML model for RPL prediction using these biomarkers and baseline clinical
characteristics, and validate the performance of the model to provide a clinical tool for early risk stratification of RPL.

Materials and Methods

Study Population
This retrospective cohort study enrolled 340 reproductive-age women (1845 years old) who attended the Department of
Obstetrics and Gynecology at XiDian Group Hospital and the Department of Gynecology at Xi’an Traditional Chinese
Medicine Hospital from January 2020 to December 2024. The inclusion criteria were women planning pregnancy or in the first
trimester (<12 weeks) of pregnancy, complete clinical records including baseline characteristics and laboratory test results of
IL-33, CRP, and lymphocyte subsets, and no history of assisted reproductive technology (ART) treatment.*? The exclusion
criteria were ectopic pregnancy or molar pregnancy, uterine anatomical abnormalities such as uterine septum and submucosal
fibroids, chromosomal abnormalities in the couple, acute or chronic infections such as toxoplasmosis, cytomegalovirus, and
syphilis, autoimmune diseases such as systemic lupus erythematosus and antiphospholipid syndrome, severe endocrine
disorders such as uncontrolled diabetes mellitus and hyperthyroidism, alcohol or drug abuse, and incomplete clinical or
laboratory data. Patient enrollment and the construction of the predictive model are detailed in Figure 1.

This study complied with the Declaration of Helsinki (2024 revision). The protocol was approved by the Ethics Committee of
XiDian Group Hospital (XDJGH-2019-IRB-037) and Xi’an Traditional Chinese Medicine Hospital (XATCMH-2019-IRB-012).
Informed consent was waived due to the retrospective nature of the study and the use of de-identified data.

Selection Criteria for Variables

The primary outcome was the diagnosis of RPL, defined as two or more consecutive spontaneous miscarriages confirmed
by transvaginal ultrasound and clinical follow-up. The follow-up duration was up to 20 weeks of gestation. Predictor
variables were divided into two categories: baseline clinical characteristics and laboratory biomarkers. Baseline clinical
characteristics included age (years), body mass index (BMI, kg/m?), gravidity (number of pregnancies), parity (number
of live births), number of previous miscarriages, smoking status (yes/no), alcohol consumption (yes/no), history of
thyroid disease (yes/no), and history of polycystic ovary syndrome (PCOS, yes/no).

Laboratory biomarkers included serum IL-33 (pg/mL, measured by enzyme-linked immunosorbent assay [ELISA],
R&D Systems, USA), serum CRP (mg/L, measured by immunoturbidimetry, Beckman Coulter, USA), and lymphocyte
subset counts (measured by flow cytometry, BD Biosciences, USA) including CD3+ T cells (%), CD4+ T cells (%),
CD8+ T cells (%), NK cells (%), and CD4+/CD8+ ratio.

Construction of the Predictive Model
Missing values accounting for <1% of the total data were imputed using the mean value of the corresponding variable.*®
Continuous variables were normalized to a standard normal distribution with mean = 0 and standard deviation = 1 to
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Figure | Workflow of a Machine Learning-Based Retrospective Cohort Study for Recurrent Pregnancy Loss Prediction.

eliminate the influence of different measurement scales. Data standardization was only performed on the training set after
stratified random sampling of the dataset, and the mean and standard deviation parameters obtained from the training set
were applied to the validation set for consistent standardization, which avoided the risk of statistical data leakage. The
dataset was randomly split into a training set (70%, n = 238) and a validation set (30%, n = 102) using a stratified random
sampling method to maintain the proportion of RPL cases in both sets.
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Algorithm Selection and Hyperparameter Optimization

Three commonly used ML algorithms were selected for model construction. Logistic regression (LR) is a linear model
for binary classification and was used as a reference model.”* Random forest (RF) is an ensemble learning algorithm
based on decision trees, which reduces overfitting by integrating multiple decision trees.”> Extreme gradient boosting
(XGBoost) is a gradient boosting algorithm with regularized terms, which optimizes model performance by iteratively
correcting prediction errors.

Hyperparameter optimization was performed using 5-fold cross-validation on the training set with grid search.?’ Key
hyperparameters for RF included the number of decision trees (ntree) ranging from 50 to 500 with a step of 50 and the
number of features selected for each split (mtry) ranging from 3 to 10 with a step of 1. Key hyperparameters for XGBoost
included learning rate ranging from 0.01 to 0.3 with a step of 0.01, maximum depth of trees ranging from 3 to 10 with
a step of 1, and number of estimators ranging from 50 to 500 with a step of 50. The optimal hyperparameters were
determined based on the highest AUC value in cross-validation.

Predictive Model Evaluation
Model performance was evaluated using multiple metrics. Area under the receiver operating characteristic curve (AUC)
reflects the overall discriminatory ability of the model, with AUC > 0.8 indicating good performance. Accuracy is the
proportion of correctly predicted cases among all cases. Sensitivity (recall) is the proportion of true RPL cases correctly
identified by the model. Specificity is the proportion of true non-RPL cases correctly identified by the model. Positive
predictive value (PPV) is the proportion of predicted RPL cases that are true RPL cases. Negative predictive value (NPV)
is the proportion of predicted non-RPL cases that are true non-RPL cases.

ROC curves were plotted for each model in the training and validation sets, and the DeLong test was used to compare
AUC values between different models.

Statistical Methods

All statistical analyses and ML model construction were performed using R software. Continuous variables with normal
distribution were presented as mean + standard deviation (SD), and comparisons between the RPL and non-RPL groups
were performed using independent samples t-tests. Categorical variables were presented as frequencies, and comparisons
between groups were performed using the chi-square test or Fisher’s exact test when the expected frequency < 5. A two-
tailed p value < 0.05 was considered statistically significant.

Results

Baseline Characteristics of the Study Population

As shown in Table 1, a total of 340 participants were included in the final analysis, of whom 85 (25.0%) were diagnosed
with recurrent pregnancy loss (RPL, RPL group) and 255 (75.0%) were non-RPL cases (non-RPL group). The median
age of the RPL group was significantly higher than that of the non-RPL group [33.0 (30.0-36.0) years vs 30.0
(27.0-33.0) years, p < 0.001]. Additionally, the RPL group exhibited a significantly greater median number of previous
miscarriages [2 (1-3) vs 1 (0-1), p < 0.001] and a higher prevalence of thyroid disease (23.5% vs 6.2%, p < 0.001)
compared with the non-RPL group. No statistically significant differences were noted between the two groups in terms of
body mass index (BMI), gravidity, parity, smoking status, alcohol consumption, or history of polycystic ovary syndrome
(PCOS) (all p > 0.05). Collectively, these results suggest that advanced age, an increased number of prior miscarriages,
and a history of thyroid disease are associated with RPL in this study cohort. In contrast, common metabolic factors (eg,
BMI) and lifestyle-related variables (eg, smoking, alcohol consumption) did not differ significantly between women with
and without RPL.

Distribution of Serum Biomarkers and Lymphocyte Subsets
As shown in Table 2 and Figure 2, the RPL group had significantly lower serum IL-33 levels [15.80 (11.83, 18.00) pg/mL
vs 28.00 (24.15, 32.05) pg/mL, p < 0.001] and significantly higher CRP levels [8.90 (7.05, 10.30) mg/L vs 3.10 (2.40,
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Table | Baseline Characteristics of Participants Stratified by Recurrent Pregnancy Loss Status

Variables Training Cohort P-value Testing Cohort P-value
Overall (n=237) RPL (n=62) Non-RPL (n=175) Overall (n=103) RPL (n=23) Non-RPL (n=80)

Age (years) (median [IQR]) 31.00 [28.00, 34.00] | 35.00 [30.00, 37.00] | 30.00 [27.50, 32.00] | <0.001 | 31.00 [28.00, 33.00] | 33.00 [31.00, 36.50] | 30.00 [27.00, 32.00] | <O0.00I

BMI (kg/m?) (median [IQR]) 24.10 [22.50, 26.00] | 24.85 [22.75, 26.00] | 23.90 [22.45, 25.90] 0.362 24.20 [22.20, 25.95] | 23.90 [22.50, 25.15] | 24.35 [21.77, 26.40] 0.299

Gravidity Count (%)

| 70 (29.5) 19 (30.6) 51 (29.1) 0.114 40 (38.8) 9 (39.1) 31 (38.8) 0.829

2 85 (35.9) 23 (37.1) 62 (35.4) 39 (37.9) 10 (43.5) 29 (36.2)

3 65 (27.4) 12 (19.4) 53 (30.3) 20 (19.4) 3 (13.0) 17 (21.2)

4 16 (6.8) 7(11.3) 9 (5.1 4 (3.9 1 (4.3) 3(3.8)

5 1 (0.4) I (1.6) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Parity Count (%)

0 129 (54.4) 39 (62.9) 90 (51.4) 0.21 44 (42.7) 10 (43.5) 34 (42.5) 0.991

| 91 (384) 18 (29.0) 73 (41.7) 46 (44.7) 10 (43.5) 36 (45.0)

2 17 (7.2) 5(8.1) 12 (6.9) 13 (12.6) 3 (13.0) 10 (12.5)

Previous Miscarriages (%)

0 50 (21.1) I (1.6) 49 (28.0) <0.001 26 (25.2) 1 (4.3) 25 (31.2) <0.001

| 120 (50.6) 6 (9.7) 114 (65.1) 51 (49.5) 3 (13.0) 48 (60.0)

2 49 (20.7) 37 (59.7) 12 (6.9) 18 (17.5) 11 (47.8) 7 (8.8)

3 17 (7.2) 17 (27.4) 0 (0.0 8 (7.8) 8 (34.8) 0 (0.0)

4 1 (0.4) 1 (1.6) 0 (0.0 0 (0.0 0 (0.0 0 (0.0)

Smoking Status (%)

Non-smoker 218 (92.0) 58 (93.5) 160 (91.4) 0.798 91 (88.3) 22 (95.7) 69 (86.2) 0.384

Smoker 19 (8.0) 4 (6.5) 15 (8.6) 12 (11.7) I (4.3) 11 (13.8)

Alcohol Status (%)

Non-drinker 224 (94.5) 59 (95.2) 165 (94.3) | 101 (98.1) 23 (100.0) 78 (97.5) |

Drinker 13 (5.5) 3 (48) 10 (5.7) 2(1.9) 0 (0.0) 2 (2.5)

Thyroid Disease (%)

No thyroid disease 210 (88.6) 47 (75.8) 163 (93.1) 0.001 95 (92.2) 19 (82.6) 76 (95.0) 0.13

With thyroid disease 27 (11.4) 15 (24.2) 12 (6.9) 8 (7.8) 4 (17.4) 4 (5.0

PCOS Status (%)

No PCOS 218 (92.0) 57 (91.9) 161 (92.0) | 95 (92.2) 21 (91.3) 74 (92.5) |

With PCOS 19 (8.0) 5(8.1) 14 (8.0) 8 (7.8) 2 (8.7) 6 (7.5)

Serum IL-33 (pg/mL) (median [IQR]) | 25.60 [18.80, 30.60] | 15.80 [11.83, 18.00] | 28.00 [24.15, 32.05] | <0.001 | 27.80 [20.60, 33.15] | 14.90 [13.80, 17.65] | 30.00 [26.08, 34.42] | <0.001

Serum CRP (mg/L) (median [IQR]) 3.50 [2.60, 5.40] 8.90 [7.05, 10.30] 3.10 [2.40, 3.70] <0.001 3.70 [2.75, 5.15] 8.50 [7.45, 10.90] 3.20 [2.48, 4.23] <0.001

CD3+ T cells (%) (median [IQR]) 72.00 [68.60, 75.20] | 67.85 [64.43, 71.68] | 73.00 [70.20, 76.20] | <0.001 | 71.50 [68.90, 74.65] | 67.40 [63.95, 70.95] | 72.45 [70.20, 76.35] | <0.001

CDA4+ T cells (%) (median [IQR]) 37.00 [33.10, 40.30] | 31.70 [29.83, 34.15] | 38.60 [35.35, 42.50] | <0.001 | 37.90 [34.00, 40.55] | 31.50 [29.00, 36.25] | 38.60 [35.62, 41.32] | <0.00I

CD8+ T cells (%) (median [IQR]) 22.70 [19.30, 26.70] | 28.05 [26.60, 30.15] | 21.20 [18.15, 24.35] | <0.001 | 22.20 [20.05, 25.65] | 28.00 [26.15, 31.35] | 21.15 [19.00, 23.55] | <0.001

CDA4+/CD8+ ratio (median [IQR]) 1.60 [1.33, 1.90] 1.23 [1.08, 1.40] 1.75 [1.49, 2.00] <0.001 1.69 [1.29, 1.97] 1.21 [0.98, 1.38] 1.87 [1.54, 2.01] <0.001

NK cells (%) (median [IQR]) 12.70 [10.30, 16.80] | 18.50 [16.80, 20.17] | 11.70 [9.55, 13.70] <0.001 12.30 [9.55, 15.30] | 18.10 [15.60, 22.85] | 11.50 [9.10, 13.50] <0.001

Abbreviations: BMI, Body mass index; CRP, C-reactive protein; IQR, Interquartile range; PCOS, Polycystic ovary syndrome; RPL, Recurrent pregnancy loss.
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Table 2 Distribution of Serum Biomarkers and Lymphocyte Subsets

Variables

Training Cohort

Overall (n=237)

RPL (n=62)

Non-RPL (n=175)

P-value

Testing Cohort

Overall (n=103)

RPL (n=23)

Non-RPL (n=80)

P-value

Serum IL-33 (pg/mL) (median [IQR])
Serum CRP (mg/L) (median [IQR])
CD3+ T cells (%) (median [IQR])
CD4+ T cells (%) (median [IQR])
CD8+ T cells (%) (median [IQR])
CD4+/CD8+ ratio (median [IQR])
NK cells (%) (median [IQR])

25.60 [18.80, 30.60]
3.50 [2.60, 5.40]
72.00 [68.60, 75.20]
37.00 [33.10, 40.30]
22.70 [19.30, 26.70]
1.60 [1.33, 1.90]
12.70 [10.30, 16.80]

15.80 [11.83, 18.00]
8.90 [7.05, 10.30]
67.85 [64.43, 71.68]
31.70 [29.83, 34.15]
28.05 [26.60, 30.15]
123 [1.08, 1.40]
18.50 [16.80, 20.17]

28.00 [24.15, 32.05]
3.10 [2.40, 3.70]
73.00 [70.20, 76.20]
38.60 [35.35, 42.50]
21.20 [18.15, 24.35]
1.75 [1.49, 2.00]
11.70 [9.55, 13.70]

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

27.80 [20.60, 33.15]
3.70 [2.75, 5.15]
71.50 [68.90, 74.65]
37.90 [34.00, 40.55]
22.20 [20.05, 25.65]
1.69 [1.29, 1.97]
12.30 [9.55, 15.30]

14.90 [13.80, 17.65]
8.50 [7.45, 10.90]
67.40 [63.95, 70.95]
31.50 [29.00, 36.25]
28.00 [26.15, 31.35]
121 [0.98, 1.38]
18.10 [15.60, 22.85]

30.00 [26.08, 34.42]
3.20 [2.48, 4.23]
72.45 [70.20, 76.35]
38.60 [35.62, 41.32]
21.15 [19.00, 23.55]
1.87 [1.54, 2.01]
11.50 [9.10, 13.50]

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

Abbreviations: IQR, Interquartile range; IL-33, Interleukin-33; NK, Natural killer; RPL, Recurrent pregnancy loss.
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Figure 2 Alterations in Serum Biomarker Levels and Lymphocyte Subset Distributions in Women with Recurrent Pregnancy Loss (RPL) Versus Non-RPL Controls.
Notes: (A) This panel visualizes the distribution of two serum biomarkers (IL-33 and CRP) between the RPL and non-RPL groups, using violin-box plots (violins indicate
data density; boxes represent median/quartiles; points denote individual samples). Results show that the RPL group has significantly lower serum IL-33 levels and significantly
higher C-reactive protein (CRP) levels compared to the non-RPL group (all comparisons: p < 0.001, marked by “**”). (B) This panel displays the distribution of peripheral
blood lymphocyte subsets (CD3+ T cells, CD4+ T cells, CD8+ T cells, CD4+/CD8+ ratio, and NK cells) in the two groups. Relative to the non-RPL group, the RPL group
exhibits significantly reduced proportions of CD3+ T cells and CD4+ T cells, a decreased CD4+/CD8+ ratio, and elevated proportions of CD8+ T cells and natural killer
(NK) cells (all comparisons: p < 0.001, marked by ‘).
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3.70) mg/L, p < 0.001] than the non-RPL group. For lymphocyte subsets, the RPL group exhibited significantly lower
CD3+ T cell proportions [67.85 (64.43, 71.68)% vs 73.00 (70.20, 76.20)%, p < 0.001], lower CD4+ T cell proportions
[31.70 (29.83, 34.15)% vs 38.60 (35.35, 42.50)%, p < 0.001], higher CD8+ T cell proportions [28.05 (26.60, 30.15)% vs
21.20 (18.15, 24.35)%, p < 0.001], lower CD4+/CD8+ ratios [1.23 (1.08, 1.40) vs 1.75 (1.49, 2.00), p < 0.001], and
higher NK cell proportions [18.50 (16.80, 20.17)% vs 11.70 (9.55, 13.70)%, p < 0.001] compared with the non-RPL
group. Collectively, these results demonstrate profound alterations in inflammatory biomarkers and lymphocyte subset
distribution in women with RPL, suggesting a potential role of immune dysregulation and enhanced systemic inflamma-
tion in the pathogenesis of RPL.

Performance of the Machine Learning Model in Training and Validation Sets

In the training set, the XGBoost model achieved the highest AUC (0.89, 95% CI: 0.82—0.96), followed by RF (0.85, 95%
CI: 0.77-0.93) and LR (0.78, 95% CI: 0.69—-0.87). The AUC of XGBoost was significantly higher than that of LR but not
significantly different from that of RF (Figure 3A). In the validation set, the XGBoost model still had the highest AUC
(0.85, 95% CI: 0.76-0.94), with an accuracy of 88.1%, sensitivity of 82.4%, specificity of 88.7%, PPV of 28.6%, and
NPV of 98.7%. The RF model had an AUC of 0.80 (95% CI: 0.70-0.90) in the validation set, while the LR model had the
lowest AUC (0.75, 95% CI: 0.64-0.86). The XGBoost curve in the ROC curves of the three models in the validation set
was above RF and LR curves, indicating better discriminatory ability (Figure 3B and C). These data confirm that the
XGBoost model outperforms RF and LR models in predicting RPL, with robust performance in both training and
independent validation sets.

Comparison of Different Machine Learning Algorithms

The DeLong test showed that the AUC of XGBoost was significantly higher than that of LR and marginally higher than
that of RF in the validation set (Figure 4A). Feature importance analysis of the XGBoost model showed that the number
of previous miscarriages, serum IL-33 levels, CD4+/CD8+ ratio, and CRP levels were the top four most important
predictors of RPL. The importance score of previous miscarriage number is 0.28, IL-33 is 0.24, CD4+/CD8+ ratio is
0.21, and CRP is 0.18 (Figure 4B). These results highlight the superior discriminatory power of the XGBoost algorithm
for RPL prediction and identify prior miscarriage history, 1L-33, CD4+/CD8+ ratio, and CRP as key clinical and
immunological predictors worthy of further investigation.

Discussion

This retrospective study constructed an ML model for RPL prediction by integrating baseline clinical characteristics,
serum IL-33, CRP, and lymphocyte subset counts, and validated its performance in a cohort of 340 reproductive-age
women. The key findings provide new insights into both the pathophysiological mechanisms of RPL and the clinical
application of ML in reproductive medicine. Specifically, RPL patients exhibit distinct immunological and inflammatory
profiles characterized by reduced IL-33, elevated CRP, and abnormal lymphocyte subset distribution. The XGBoost
model incorporating these indicators outperforms traditional linear models and other ensemble algorithms, demonstrating
potential as a clinical risk stratification tool. Moreover, the number of previous miscarriages, IL-33, CD4+/CD8+ ratio,
and CRP emerge as the most impactful predictive factors, highlighting the central role of immune tolerance and
inflammation in RPL pathogenesis.

The distinct biomarker patterns observed in RPL patients align with the well-established role of immune imbalance
and chronic inflammation in disrupting maternal-fetal tolerance. IL-33, a damage-associated molecular pattern molecule
expressed in endometrial stromal cells and placental trophoblasts, exerts dual effects on maternal immune regulation. It
not only promotes the differentiation of naive T cells into type 2 helper T cells (Th2) but also enhances the proliferation
and functional activity of Tregs, which are critical for suppressing anti-fetal immune responses.”**’ The significantly
lower IL-33 levels in the RPL group observed in this study suggest a compromised ability to establish Th2-dominant and
Treg-mediated immune tolerance. This is consistent with preclinical studies showing that IL-33 knockout mice exhibit
higher rates of fetal resorption due to impaired Treg infiltration in the decidua.’ Clinically, this finding supports the
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Figure 3 Performance of XGBoost, RF, and LR Models for RPL Prediction in Training and Validation Sets.

Notes: (A) Compares the area under the receiver operating characteristic curve (AUC) (with 95% confidence intervals) of XGBoost, RF, and LR in the training and
validation sets; (B) Displays key performance metrics (eg, accuracy, negative predictive value [NPV]) of the XGBoost model in the validation set using a bar plot; (C)
Presents the receiver operating characteristic (ROC) curves of the three models in the validation set, which reflect their discriminatory ability.
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Error bars represent 95% confidence intervals, and the “ns” annotation indicates a non-significant difference (evaluated via the Delong test). (B) Presents the importance
scores of the top 4 predictors in the XGBoost model for RPL prediction, displayed as a horizontal bar plot.
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potential of IL-33 as both a diagnostic marker and a therapeutic target, as exogenous IL-33 administration has been
shown to improve pregnancy outcomes in animal models of immune-mediated abortion.

Elevated CRP levels in the RPL group reflect the presence of chronic low-grade inflammation, which disrupts
multiple processes essential for successful pregnancy.’® Chronic inflammation can impair endometrial receptivity by
altering the expression of adhesion molecules such as integrin avp3 and L-selectin, thereby hindering blastocyst
implantation.*'? Additionally, pro-inflammatory cytokines induced by elevated CRP, such as tumor necrosis factor-a
and interleukin-6, can promote trophoblast apoptosis and inhibit placental angiogenesis, leading to placental insufficiency
and subsequent miscarriage.**** Notably, the CRP levels in RPL patients (8.9 + 2.7 mg/L) in this study fall within the
range of low-grade inflammation, which is often overlooked in clinical practice but has been consistently linked to
idiopathic RPL in meta-analyses.*>*® This underscores the value of incorporating routine inflammatory markers into RPL
risk assessment, even in the absence of overt infection or autoimmune disease.

The abnormal lymphocyte subset distribution in RPL patients further confirms the disruption of cellular immune balance.
The reduced CD4+/CD8+ ratio, resulting from lower CD4+ T cell and higher CD8+ T cell proportions, indicates a shift toward
a pro-inflammatory Th1-dominant immune profile. CD4+ T cells, particularly Th2 and Treg subsets, are crucial for main-
taining maternal-fetal tolerance, while CD8+ cytotoxic T cells can directly target fetal trophoblast cells expressing paternal
antigens. The elevated NK cell proportion in the RPL group exacerbates this immune imbalance, as uterine NK cells, when
overactivated, secrete cytotoxic molecules such as perforin and granzyme that damage trophoblasts.’” Importantly, the
combination of these lymphocyte subset abnormalities with reduced IL-33 and elevated CRP creates a synergistic pro-
rejection microenvironment, which may explain the high specificity of the combined model in identifying RPL risk.

The findings of this study are consistent with previous research on individual biomarkers but advance the field by integrating
multiple indicators into a unified ML framework. For example, a case-control study involving 66 Egyptian patients with recurrent
pregnancy loss (RPL) and 66 matched healthy non-pregnant controls reported that serum interleukin-33 (IL-33) levels were
significantly higher in RPL patients compared with the control group. Additionally, in the RPL cohort, serum IL-33 levels
showed a positive correlation with both age and the number of miscarriages, while exhibiting a negative correlation with the
number of deliveries, suggesting that IL-33 may serve as a predictive biomarker for RPL in early pregnancy.'? Our study extends
this by showing that IL.-33, when combined with other biomarkers, contributes to a much higher overall predictive accuracy
(88.1% in the validation set). Similarly, A case-control study comparing recurrent pregnancy loss (RPL) patients with healthy
controls reported that serum CRP, IL-1f, and IL-4 levels were significantly elevated in RPL patients, while TGF-f and ferritin
levels were decreased (p < 0.05), with no significant differences in IL-10, IL-6, or TNF-a. levels between the groups indicating
immune dysregulation and potential oxidative stress in RPL pathogenesis.>® Our model overcomes this limitation by leveraging
the complementary information from immune and inflammatory markers.

In terms of ML applications in RPL prediction, existing studies have primarily focused on either clinical characteristics or
a single class of biomarkers. For instance, A retrospective study of 1153 RPL patients using multivariate logistic regression to
construct a nomogram (incorporating age, number of previous pregnancy losses, autoantibodies, coagulation indicators, and
uterine artery hemodynamic parameters) achieved an AUC of 0.808 in the training cohort and 0.731 in the validation cohort,
outperforming the model with only age and previous pregnancy loss count for predicting subsequent pregnancy loss.>* Our
study, by integrating clinical, inflammatory, and immune markers, achieves a higher AUC of 0.85 in the validation set,
demonstrating the value of multi-dimensional data integration. This is consistent with the broader trend in medical Al, where
combining heterogeneous data types improves predictive performance by capturing complex disease mechanisms that cannot
be fully represented by individual data modalities.

The XGBoost model developed in this study offers several key advantages for clinical practice. First, its high
sensitivity (82.4%) and NPV (98.7%) make it particularly useful for ruling out low-risk individuals. Women with
negative predictions by the model can avoid unnecessary invasive examinations such as hysteroscopy, karyotyping, and
autoimmune antibody testing, which not only reduce healthcare costs but also alleviate the psychological stress
associated with excessive medical intervention. Second, the model uses routine clinical tests that are widely available
in primary and secondary hospitals, ensuring high accessibility. I1L-33, although not yet a standard RPL test, can be
measured using commercial ELISA kits with good reproducibility, and lymphocyte subset analysis is a common
immunological test in gynecological practice.
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Third, the feature importance ranking provides actionable clinical insights. The number of previous miscarriages, as
the most important predictor, reinforces current clinical guidelines that recommend more intensive evaluation for women
with two or more miscarriages. The high importance of IL-33 suggests that measuring this cytokine may be particularly
valuable for women with idiopathic RPL, where traditional tests fail to identify a cause. Clinicians could use the model’s
output to prioritize interventions: for example, women with low IL-33 levels might benefit from immunomodulatory
therapies such as low-dose aspirin or corticosteroids, while those with high CRP could be advised on lifestyle
modifications to reduce inflammation, such as weight loss and dietary changes.

The relatively low PPV (28.6%) of the model, while a limitation, is largely a reflection of the low incidence of RPL
(5.0%) in the study population, a phenomenon known as the base rate effect. In clinical practice, this means that
a positive prediction should be interpreted in conjunction with other clinical information, such as uterine ultrasound
findings and endocrine profiles. However, even with this limitation, the model’s ability to identify high-risk individuals
who would otherwise be missed by conventional screening remains valuable, as early intervention in these cases can
significantly improve pregnancy outcomes.

This study has key limitations that require attention in future research. First, this study has a relatively small positive
sample size (85 RPL cases), which may affect the stability and generalizability of the predictive model. The small sample size
may lead to insufficient training of the model on rare feature combinations, and the model performance may be overestimated
in the internal validation. Future multicenter prospective studies with a larger number of RPL cases are needed to further
validate the model. This is illustrated by the 23.5% incidence of thyroid disease in the RPL group, which exceeds the 15-20%
reported in multi-center studies. Future research should adopt large-scale multi-center prospective cohorts with diverse
populations, expand the number of RPL cases for rigorous validation and hyperparameter optimization, and incorporate
additional validated RPL-related variables such as couple HLA compatibility and microbiome data. Second, missing data on
therapeutic interventions during follow-up (eg, progesterone, immunomodulatory drugs) may have affected pregnancy
outcomes and model accuracy. Additionally, the 20-week gestation follow-up period means the model’s predictive value
for adverse outcomes like late miscarriage (12—20 weeks) or preeclampsia remains unclear. Subsequent studies should include
treatment variables as confounding factors and extend follow-up to cover the entire pregnancy and postpartum period. Third,
the current R-based model is not easily accessible to clinicians without programming experience. Developing user-friendly
web or mobile applications based on this model will facilitate its clinical popularization.

Conclusion

In conclusion, the XGBoost model integrating baseline clinical characteristics, serum IL-33, CRP, and lymphocyte subset
counts shows good discriminatory ability in predicting recurrent pregnancy loss, with high sensitivity and negative
predictive value. The number of previous miscarriages, serum IL-33 levels, CD4+/CD8+ ratio, and CRP levels are the
key predictive factors of RPL, which suggests the potential association of immune tolerance and chronic inflammation
with RPL pathogenesis. This model is an exploratory research result, and its clinical application is limited by low
positive predictive value, small positive sample size and single-center retrospective design. Future multicenter prospec-
tive studies with larger sample sizes and extended follow-up are needed to validate and refine the model.
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