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Abstract

Background: Women with polycystic ovary syndrome (PCOS) who achieve clinical pregnancy following fresh in vitro
fertilization (1VF)/intracytoplasmic sperm injection (ICSI) carry an elevated miscarriage risk. However, individualized risk
stratification after clinical pregnancy confirmation but before outcome determination remains challenging in clinical practice.

Objective: Thisstudy aimed to develop, externally and prospectively validate over time, and interpret a machine learning—based
risk stratification model for women with PCOS who had achieved a confirmed clinical pregnancy after fresh IVF/ICSI.

Methods: This multicenter study included 8911 clinical pregnancy IVF/ICSI cycles across development (n=7241; miscarriages:
n=973), external validation (n=1170; miscarriages. n=146), and prospective temporal validation (n=500; miscarriages. n=62)
cohorts. Prespecified predictors contained no observed missing values; training-fold median imputation was kept only as a
leakage-safe fallback. A total of 13 candidate machine learning and traditional statistical algorithms were compared internally
using repeated stratified 5-fold cross-validation (5 repeats) within the development cohort; preprocessing and hyperparameter
tuning were performed exclusively in training folds. A prelocked Extreme Gradient Boosting (XGBoost) model was carried
forward unchanged for external and prospective tempora validation. Cross-fitted logistic recalibration of averaged XGBoost
out-of-fold probabilities was eval uated as a secondary devel opment-sample diagnostic analysis. Model performance encompassed
discrimination, precision-recal, calibration, threshold-based metrics, decision curve analysis, risk stratification, and Shapley
additive explanations—based interpretability.

Results. Miscarriage rates were 13.4% (973/7241), 12.5% (146/1170), and 12.4% (62/500) for the development, external
validation, and prospective temporal validation cohorts, respectively. In repeated cross-validation, XGBoost (area under the
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receiver operating characteristic curve [AUC] 0.885, 95% CI 0.874-0.896) and LightGBM (AUC 0.882, 95% CI 0.871-0.893)
showed comparable discrimination; the paired XGBoost-LightGBM Del.ong test was not significant (Holm-adjusted P=.07).
Raw X GBoost out-of-fold probabilities overestimated absol ute risk (mean predicted risk 30.3% vs observed risk 13.4%); cross-fitted
recalibration within the development cohort improved calibration but was not propagated to validation cohorts. The locked
XGBoost model achieved AUCs of 0.787 (95% CI 0.748-0.827; Brier score 0.099) in external validation and 0.763 (95% ClI
0.709-0.816; Brier score 0.104) in prospective temporal validation, showing cross-cohort performance attenuation. Risk-quartile
stratification using fixed development-cohort cutoffs showed consistent event enrichment across validation cohorts, but positive
predictive values remained modest. Shapley additive explanations analysis identified anti-Millerian hormone, endometrial
thickness on the day of human chorionic gonadotropin administration, and basal luteinizing hormone as leading predictors.

Conclusions: Thelocked XGBoost model using routine preoutcome variables may support miscarriage risk stratification and
counseling for women with PCOS with clinical pregnancy after fresh IVF/ICSI. Given cross-cohort discrimination loss and
calibration drift, it should serve only as arisk-ranking tool, not for diagnosis or treatment selection. Local calibration monitoring

is mandatory before any real-world clinical deployment.

(J Med Internet Res 2026;28:€101829) doi: 10.2196/101829
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Introduction

Polycystic ovary syndrome (PCOS) is the most prevalent
endocrine disorder affecting women of reproductive age, with
an estimated prevalence of 10% to 15% depending on the
diagnostic criteriaapplied [1,2]. Recently, it has been proposed
to rename PCOS as polyendocrine-metabolic ovarian syndrome
[3]. The syndrome is characterized by hyperandrogenism,
ovulatory dysfunction, polycystic ovarian morphology, and a
high prevalence of metabolic comorbidities, including insulin
resistance, obesity, and dyslipidemia [4]. International
evidence-based guidance emphasizes precise diagnosis,
individualized management, and monitoring of reproductive
and metabolic risks throughout the lifespan. Mounting clinical
evidence has confirmed that women with PCOS carry
substantially elevated risks of adverse pregnancy outcomes,
particularly miscarriage, following assisted reproductive
technologies [5,6].

For women with PCOS who undergo in vitro fertilization
(IVF)/intracytoplasmic sperm injection (ICSI) and achieve
clinical pregnancy, miscarriage remains a devastating
complication. Population-based and cohort studies have
demonstrated that the miscarriage rate among women with
PCOSisapproximately 1.5-fold higher than that among women
without PCOS [7]. Miscarriage in this population is a
multifactorial event driven by interactions among endocrine
disturbances, metabolic abnormalities, impaired endometrial
receptivity, suboptimal embryo quality, and atered luted
support [8-10]. Despite this well-established association,
clinicians still lack reliable tools for individualized risk
stratification before pregnancy outcomes are ascertained.
Traditional assessment relies on single factors, such as age,
BMI, or previous miscarriage history, which cannot capture the
complex interplay of these determinants and therefore fail to
support individualized counseling or to guide targeted preventive
strategies.

Machine learning has emerged as a useful approach for
predicting clinical outcomes using high-dimensiona tabular

https://www.jmir.org/2026/1/€101829

data. Among modern algorithms, Extreme Gradient Boosting
(XGBoogt), light gradient boosting machine (LightGBM),
CatBoost, TabNet, and related methods are frequently applied
to structured clinical data because they can model nonlinear
relationships and complex interactions. Several studies have
reported that machine learning can predict miscarriage in IVF
embryo transfer pregnancies and may outperform traditional
logistic regression models in some settings [11,12]. For a
prediction model to be clinically useful, however, discrimination
alone is insufficient; calibration, external transportability,
transparent reporting, and prospective evaluation are also
required. Model interpretability is equally critical for clinical
adoption, as clinicians require insight into which features drive
individual risk predictions. Transparent reporting following
guidelines such as TRIPOD+AI (Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or
Diagnosisfor Al) isalso essentia to minimize bias and support
clinical trandation [13].

Accordingly, the primary objective of this study wasto develop
and validate amachinelearning model for estimating individual
miscarriage risk among women with PCOS after confirmed
clinica pregnancy following fresh IVF/ICSI. Secondary
objectivesincluded comparative evaluation of multiple candidate
prediction algorithms, assessment of model calibration,
risk-ranking performance, threshold-dependent metrics, and
cross-cohort transportability. Exploratory analyses encompassed
early- and late-miscarriage subtype models and their
corresponding Shapley additive explanations (SHAP)
interpretability analyses. Thistool isintended for reproductive
medicine clinicians for risk communication and follow-up
planning only after clinical pregnancy confirmation and before
miscarriage outcome ascertainment; it is not designed for
diagnostic purposes, treatment selection, or automated clinical
interventions.
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Methods

Study Design and Cohort Allocation

We conducted amulticenter prediction model development and
validation study among women with PCOS who achieved
clinical pregnancy following fresh IVF/ICS|. Data were
collected from tertiary reproductive medicine centers in
Guangzhou, Wuhan, and Shenzhen, China. Retrospective data
were collected between January 1, 2016, and December 31,
2024. The development cohort combined Guangzhou and
Wuhan data (n=7241). Shenzhen retrospective data formed the
geographic external validation cohort (n=1170). A separate
prospective temporal validation cohort was enrolled
consecutively at the same Shenzhen center from January 1,
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2025, to October 1, 2025, with a fixed sample size of 500 and
no selective exclusion; this cohort was not an independent
geographically separated external validation. The prelocked
XGBoost model was applied without re-estimation, and all
outcomeswere ascertained after enrollment completion to ensure
an unbiased prospective temporal validation.

All 7241 development records were evaluated using repeated
stratified 5-fold cross-validation with 5 repeats. Candidate
model swere compared using identical outer folds. Preprocessing
and tuning were performed exclusively within corresponding
training portions to prevent information leakage, and
performance was summarized from record-level averaged
out-of-fold predictions. The XGBoost model had been prel ocked
before both validation assessments and applied unchanged. The
study flowchart is shown in Figure 1.

Figure 1. Study cohort screening and analytic workflow for miscarriage risk prediction in women with polycystic ovary syndrome (PCOS) after
confirmed clinical pregnancy following fresh in vitro fertilization (IVF)/intracytoplasmic sperm injection (ICSl). (A) Allocation of 8911 clinical
pregnancy cyclesto devel opment, geographic external validation, and prospective temporal validation cohorts. (B) Analytic workflow: repeated stratified
5-fold cross-validation with 5 repeats for internal model comparison, application of the prelocked Extreme Gradient Boosting (XGBoost) model
(unchanged) to validation cohorts, development-only cross-fitted recalibration diagnostics, risk ranking and threshold utility analyses, and exploratory
Shapley additive explanations (SHAP)—based interpretation. See Multimedia Appendix 2 for a higher-resolution version of thisfigure.
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Study Population

All women were diagnosed with PCOS according to the
Rotterdam 2003 criteria. Clinical preghancy was defined as an
intrauterine gestational sac confirmed by transvaginal ultrasound
4 to 5 weeks after embryo transfer. Biochemical pregnancies
were excluded because the intended prediction time was after
clinical pregnancy confirmation; consequently, the target
outcome was miscarriage after ultrasound-confirmed clinical
pregnancy rather than all posttransfer pregnancy loss. This
restriction created a selected postconception cohort and limits
generalizability to women who have already achieved aclinical
pregnancy. Inclusion criteria were (1) PCOS diagnosed using
the Rotterdam 2003 criteria, (2) aged 20 to 45 years and
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undergoing IVF/ICSI embryo transfer, (3) confirmed clinical
pregnancy, and (4) complete outcome data. Exclusion criteria
were (1) ectopic pregnancy or hydatidiform mole; (2)
adenomyosis, uterine malformations, or moderate to severe
intrauterine adhesions; (3) antiphospholipid syndrome or
inherited thrombophilia; (4) pregnancy termination for medical
or social reasons; (5) preimplantation genetic testing cycles;
and (6) missing outcome data or missing variables that could
not be handled under the prespecified preprocessing workflow.

The primary outcome was miscarriage vs no miscarriage after
aconfirmed clinical pregnancy. Early miscarriage was defined
as pregnancy loss before 12 weeks of gestation, and late
miscarriage as pregnancy lossfrom 12 to 28 weeks of gestation.
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Candidate Predictors and L eakage Control

All prespecified model predictors were selected on clinical
grounds and restricted to variables fully ascertained before
outcome determination to prevent data leakage. Final
harmonized predictors entering the locked prediction model
included female age, male age, female BMI, basal luteinizing
hormone (LH), prolactin (PRL), testosterone, anti-Millerian
hormone (AMH), human chorionic gonadotropin (hCG)-day
endometria thickness (EMT), tota transferred embryo count,
high-quality embryo count, and embryo transfer stage.
Additional clinical variables were collected for descriptive
baseline characterization only but were excluded from the final
locked modeling matrix. These included follicle-stimulating
hormone (FSH), antral follicle count (AFC), infertility duration,
prior miscarriage history, multiple hCG-day endocrine markers,
and number of oocytes retrieved. These variables were not
incorporated into the prediction model because they could not
be harmonized consistently across all 3 study cohorts
(development, geographic external validation, and prospective
temporal validation). Baseline between-group comparisons are
for cohort descriptive purposes only and do not represent
predictor selection steps for the machine learning model.

Variables that were unavailable before pregnancy outcome
ascertainment or directly related to the outcome were not used
as predictors, including biochemical pregnancy, clinical
preghancy, preghancy outcome, and miscarriage timing.
Administrative variables and center labels were also excluded
to avoid data leakage and minimize institutional confounding.
Preprocessing

Before modeling, records with missing outcome data or
nonimputable core dligibility information were excluded before
predictor preprocessing. No observed missing values existed
among the 11 prespecified predictors within the harmonized
development cohort dataset. Training-fold—derived median
imputation was implemented as a leakage-safe fallback
safeguard within the pipeline but was never executed for the
final analysis dataset. Continuous variables were standardized
using the training-fold mean and SD. The embryo stage was
one-hot encoded following the prespecified validation protocol
reference category. All preprocessing parameters fitted within
each training fold were propagated unchanged to held-out test
folds, the geographic external validation cohort, and the
prospective temporal validation cohort. The outcome exhibited
moderate classimbalance. For XGBoosgt, the scale_pos weight
parameter was derived from the negative-to-positive event ratio
within each training fold. No oversampling, undersampling, or
synthetic data augmentation was used to retain real-world
population distributions for clinical generalizability. Skewed
continuous variables were not log-transformed, as tree-based
algorithms are robust to monotonic transformations. Full model
building, hyperparameter, and software environment
specifications are documented in Table S1 in Multimedia
Appendix 1 [11,12,14]; predictor availability, missing-value
handling, preprocessing, and variable inclusion details are
provided in Table S2 in Multimedia Appendix 1[11,12,14].
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Sample Size Adequacy

Because we used aretrospective multicenter dataset, apost hoc
sample size adequacy assessment was conducted using the
framework described by Riley et al [15] for binary prediction
models. With 17 modeling parameters from 11 prespecified
predictors (Table S2C in Multimedia Appendix 1 [11,12,14]),
an expected miscarriage prevalence of 13.4%, atarget shrinkage
of 0.90, and aconservative C-gtatistic of 0.759 [11], pmsampsize
estimated aminimum requirement of 1404 participantsand 189
events. Our development cohort (7241 cycles, 973 miscarriages,
57.2 events per modeling parameter) exceeded thisrequirement.

Candidate Models and I nternal Model Comparison

The following candidate algorithms were evaluated: logistic
regression, least absolute shrinkage and selection operator
(LASSO) logistic regression, k-nearest neighbors, decision tree,
random forest, support vector machinewith radial basiskernel,
gradient boosting machine, neural network, naive Bayes,
XGBoost, LightGBM, CatBoost, and TabNet. Repeated
cross-validation was used to characterize relative algorithm
performance; this comparison was not applied to reselect or
modify the prelocked model used for external validation.

Validation and Perfor mance Assessment

Model discrimination was evaluated using the area under the
receiver operating characteristic curve (AUC) with 95% ClIs,
along with average precision for precision-recall performance.
Calibration wasevaluated using Brier score, expected calibration
error  (ECE), cdibration intercept, calibration slope,
calibration-in-the-large (CITL), and decile-level calibration
plots. Cadlibration-related metrics were derived from
model-predicted risks vs observed miscarriage outcomes.
Internal  model comparison used record-level averaged
out-of-fold probabilities. Paired AUC differences between
XGBoost and comparator models were assessed using Del.ong
tests with Holm adjustment. For the focused
XGBoost-LightGBM  comparison, cycle-level  bootstrap
resampling (1000 replicates) was used to compare Brier score,
ECE, absolute calibration-slope deviation from 1, and absolute
CITL, with Holm adjustment. A total of 6 prespecified fixed
thresholds (0.05, 0.10, 0.15, 0.20, 0.25, and 0.30) were used to
calculate sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), F;-score, and net benefit from
decision curve analysis (DCA). The Youden index—derived
threshold was reported descriptively and was not treated as a
clinical cutoff. Risk stratification was assessed using
predicted-risk groups; fixed cut points were derived once from
prelocked internal reference predictions and applied unchanged
to the external and prospective temporal validation cohorts. No
recalibration or model updating was applied to the locked model
during validation. As a secondary diagnostic analysis on the
development sample, repeated cross-fitted logistic recalibration
was performed; the resulting recalibrated probabilities were
only used for secondary calibration, threshold utility, risk
ranking, and subgroup analyses.

Modél Interpretation

SHAP analysis was used solely for model interpretation and
feature attribution. SHAP importance for overall miscarriage
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was assessed for the locked XGBoost model. Separate early-
and late-miscarriage subtype models and their SHAP analyses
were designated exploratory. SHAP values describe the fitted
model’s contributions and do not establish biological causality,
optimal clinical ranges, or treatment effects.

Statistical Analysis

Continuous variables are presented as median (IQR), and
categorical variables as counts and percentages. All statistical
tests were 2-sided. P<.05 was defined as the threshold for
statistical  significance for primary clinical comparisons;
multiplicity-adjusted P values are reported for paired model
comparisons. All analyses were performed using R (version
4.5.2; R Foundation for Statistical Computing).

Ethical Considerations

This study was performed in accordance with the Declaration
of Helsinki. Ethicsapproval was obtained from Shenzhen Luohu
People’s Hospital (2026-LHQRMY Y-KYLL-036), the Third
Affiliated Hospital of Guangzhou Medical University (2024012),
and Tongji Medical College (S032). Informed consent was
waived by all ethics committees due to the retrospective,
anonymized, and noninterventional nature of this study. No
personally identifiable information was used or disclosed.
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Results

Cohort Composition and Baseline Char acteristics

A total of 8911 clinical pregnancy cycles with PCOS were
included across development, external validation, and
prospective temporal validation stages (Figure 1). The
development cohort comprised 7241 cycles from Guangzhou
and Wuhan (miscarriages: n=973, 13.4%), the geographic
external validation cohort included 1170 cycles (miscarriages.
n=146, 12.5%), and the prospective temporal validation cohort
contained 500 cycles (miscarriages. n=62, 12.4%). Baseline
demographics, endocrine profiles, and embryo transfer
characteristics are summarized in Table 1. Compared with the
nonmiscarriage groups, patients with PCOS who experienced
miscarriage were older and had higher BMI, higher basal LH
levels, higher basal FSH levels, higher testosteronelevels, higher
hCG-day progesterone levels, higher rates of previous
miscarriage, lower AMH and AFC, fewer retrieved oocytesand
high-quality embryos transferred, thinner EMT on hCG day,
and a higher proportion of day 3 embryo transfers. Early
mi scarriage accounted for approximately 82.7% (977 /1181) of
all pregnancy losses across cohorts.
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Table 1. Baseline characteristics of women with polycystic ovary syndrome with confirmed clinical pregnancy, stratified by cohort and miscarriage
status (N=8911)2

Characteristic Development cohort External validation cohort (Shenzhen;  Prospective temporal validation cohort
(Guangzhou+Wuhan; n=7241) n=1170) (n=500)
Nomiscar- Miscarriage Pvalue  Nomisca- Miscarriage Pvalue  Nomiscar-  Miscarriage P value
riage (n=973) riage (n=146) riage (n=62)
(n=6268) (n=1024) (n=438)
Demographic characteristics
Female age 31(28-33) 32(28-34) .048 31(28-33) 33(30-35) <.01 31(28-33) 33(30-35) <.01
(years), median
(IQR)
Maeage(years), 34(31-38) 34(32-37) .82 33(31-38) 35(32-38) <.01 34(31-38) 34(33-38) .91
median (IQR)
Femae BMI 22.1(20.0- 22.7(206- <.01 215(19.9- 227(206- <.01 219(20.3- 228(209- .04
(kg/m?), median  24.5) 25.0) 23.7) 25.4) 24.2) 25.4)
(IQR)
Infertility dura= 3.2(2.0-5.0) 3.6(2.1-55) <.01 3.0(2.0-48) 38(2559 <01 3.1(2.0-5.00 3.7(2.3-56) .07
tion (years), medi-
an (IQR)
Primary infertili- 4463 (71.2) 641 (65.9) <.01 743(726) 92(63.0) .02 314 (71.7) 39 (62.9) .16
ty, n (%)
Previous miscar- 620 (9.9) 174 (17.9) <.01 101 (9.9) 28(19.2) <.01 44 (10.0) 13(21.0) .01
riage history, n
(%)

Endocrine and ovarian reserve characteristics, median (IQR)

Basal FSHP 6.7(5.3-8.1) 7.1(5.7-88) <01 6.6 (5.2-7.9) 7.4(6.1-90) <01 6.7(5.4-82) 75(6.0-9.1) <01
(IU/lL)
Basal LHC (1U/L) 4.09(2.74- 471(350- <.01 4.00(2.76- 4.80(340- <.01 412 (2.77- 490(3.20- .04
6.28 6.81) 6.02) 6.90) 6.44) 7.00)
Basal E2Y 436(31.5 451(328 .03 432(31.2- 456(33.0- .09 435(31.4- 46.0(33.1- .18
(pg/mL) 58.8) 60.7) 58.5) 61.2) 58.7) 62.4)
PRL® (ng/mL)  14.63 14.54 .70 16.18 15.50 48 16.40 15.80 51
(10.45- (10.81- (10.97- (20.80- (11.45- (11.00-
20.66) 19.61) 21.57) 21.10) 21.24) 20.80)
Testosterone 0.35(0.26- 0.39(0.29- <.01 0.35(0.27- 041(0.30- <.01 0.34(0.25- 040(0.30- .01
(ng/mL) 0.46) 0.52) 0.47) 0.53) 0.47) 0.54)
AMH' (ng/mL) 5.83(4.20- 5.16(3.80- <.01 6.02(4.22- 520(3.70- <01 6.10(4.27- 5.05(3.60- <.01
8.16) 6.90) 8.47) 6.90) 8.12) 6.80)
AFCY (n) 14 (10-20) 12(8-17) <.01 15(10-21) 11 (8-16) <.01 14 (10-20) 11 (8-16) <.01
Controlled ovarian stimulation characteristics, median (IQR)
E2 on hcah day 2860 (1920- 2580 (1710- <.01 3000 (2010- 2550 (1650- <.01 2850 (1880- 2480 (1580- .09
(pg/mL) 4300) 3890) 4520) 3900) 4250) 3720)
FSHonhCGday 10.2(7.6- 10.1(7.5- .21 102(76- 100(7.3- 61 103(7.7- 100(74- 61
(IU/L) 13.5) 13.4) 13.5) 13.2) 13.6) 13.2)
LHonhCGday 1.74(1.05- 1.92(1.14- <01 1.68(1.01- 195(1.18 .04 172(1.04- 203(120- .13
(IU/L) 2.82) 3.10) 2.70) 3.22) 2.76) 3.30)
Progesteronelev- 0.87 (0.58-  1.05(0.70- <.01 0.85(0.57- 110(0.73- <0.01 0.86(0.57- 112(0.75- <.01
el on hCG day 1.21) 1.42) 1.18) 1.48) 1.20) 1.53)
(ng/mL)
Endometrial 10.4 (9.0- 10.2 (9.0- .04 10.5 (9.0- 10.1 (8.8- .03 10.7 (9.0- 10.0 (8.8- .01
thicknessonhCG 12.0) 115) 12.0) 11.6) 12.0) 11.5)
day (mm)
Number of 11 (7-16) 9(6-14) <01 12 (8-17) 9(5-13) <01 11 (7-16) 8 (5-13) <01
oocytes retrieved
https://www.jmir.org/2026/1/€101829 JMed Internet Res 2026 | vol. 28 | 101829 | p. 6
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Characteristic Development cohort External validation cohort (Shenzhen;  Prospective temporal validation cohort
(Guangzhou+Wuhan; n=7241) n=1170) (n=500)
Nomiscar- Miscarriage Pvalue  Nomisca- Miscarriage Pvalue  Nomiscar-  Miscarriage P value
riage (n=973) riage (n=146) riage (n=62)
(n=6268) (n=1024) (n=438)
Fertilization method, n (%) .08 .33 .60
IVE 4450 (71.0) 660 (67.8) 754 (73.6) 99 (67.8) 318(72.6) 42 (67.7)
icsil 1780 (28.4) 309 (31.8) 265(25.9) 46 (31.5) 118(26.9) 20(32.3)
IVF/ICSI 38(0.6) 4(0.4) 5(0.5) 1(0.7) 2(0.5) 0(0.0)
Embryo transfer and embryology characteristics, median (1QR)
Number of trans- 2 (1-2) 2(1-2) .87 2(1-2) 2(1-2) 91 2(1-2) 2(1-2) .90
ferred embryos
Number of high- 1 (1-2) 1(1-1) <.01 1(1-2) 1(1-1) .20 1(1-2) 1(1-1) .04
quality embryos
transferred
Embryo stage, n (%) <.01 <.01 .01
D3K 4835 (77.1) 846 (86.9) 717 (70.0) 129 (88.4) 329(75.1) 57(91.9)
D5 1295 (20.7) 117 (12.0) 290 (28.3) 15 (10.3) 103(235) 5(81)
Other or mixed  138(2.2) 10 (1.0 17 (1.7) 2(14) 6(1.4) 0(0.0)
Overall miscarriagerate, n (%)
Miscarriagerate __m 973 (13.4) — — 146 (12.5) — — 62 (12.4) —
Early miscarriage — 804 (826) — — 121 (829) — — 52 (83.9) —
Late miscarriage — 169 (17.4) — — 25(17.1) — — 10 (16.1) —

3B aseline between-group P values are for descriptive purposes only and not adjusted for multiplicity.

bESH: follicle-stimulating hormone.
L H: luteinizing hormone.

9E2: estradiol.

®PRL: prolactin.

FAMH: anti-Miillerian hormone.
9AFC: antral follicle count.

PhCG: human chorionic gonadotropin.
'IVE: in vitro fertilization.

licsi: intracytoplasmic sperm injection.
KD3: day 3.

'D5: day 5.

"Not applicable.

Internal Model Comparison

Among 13 candidate model s eval uated using repeated stratified
5-fold cross-validation with 5 repeats in all 7241 devel opment
records, XGBoost had the highest AUC (0.885, 95% ClI
0.874-0.896; area under the precision-recall curve [AUPRC]
0.605), followed by LightGBM (AUC 0.882, 95% CI
0.871-0.893; AUPRC 0.596) and gradient boosting machine
(AUC 0.878, 95% CI 0.867-0.888; AUPRC 0.581; Figure 2;
Table 2; Table S3in Multimedia Appendix 1 [11,12,14]). The
XGBoost-LightGBM AUC difference was small and not
significant (Holm-adjusted paired Del.ong P=.07; Tables $4
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and S5 in Multimedia Appendix 1 [11,12,14]). Calibration
performance differed between X GBoost and LightGBM across
bootstrap comparisons. The mean net benefit from thresholds
0.05 to 0.30 was higher for LightGBM and gradient boosting
machinethan for XGBoost. M ulticriteria performance, bootstrap
stability, prediction agreement, and focused
XGBoost-LightGBM contrasts are shown in Figures S1 to $4
in Multimedia Appendix 3. The leading algorithms should
therefore be interpreted as closely related in terms of
discrimination, without a single model dominating all
performance domains.
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Figure 2. Comparative internal performance of 13 candidate models based on repeated cross-validation (CV). (A) Receiver operating characteristic
(ROC) curves from record-level averaged out-of-fold predictions. (B) Area under the ROC curve (AUC) estimates with 95% Cls. (C) Precision-recall
curves with corresponding area under the precision-recall curve (AUPRC) values; the dashed horizontal line represents development cohort event
prevalence. (D) Decision curve analysis for all 13 candidate models, with treat-all and treat-none reference strategies. (E) Calibration diagnostics for
raw averaged out-of-fold probabilities used in the primary comparison. Lower values indicate better performance for Brier score, expected calibration
error (ECE), absolute deviation of calibration slopefrom 1, and absol ute calibration-in-the-large (CITL). Naive Bayeswas omitted from panel E because
its extreme calibration and probability accuracy values compressed the visual scale; complete results are reported in Table 2. GBM: gradient boosting
machine; LASSO: least absolute shrinkage and selection operator; LightGBM: light gradient boosting machine; SVM-RBF, support vector machine
with radial basis function; XGBoost: Extreme Gradient Boosting. See Multimedia Appendix 2 for a higher-resolution version of thisfigure.
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Table2. Internal model comparison performance of 13 candidate machinelearning modelsfor miscarriage prediction after confirmed clinical pregnancy
in women with polycystic ovary syndrome®

Model AUCP AUPRCS Brier gced Calibration m e Descriptive Senditivity — Specifici-  ppyf NPV9 Net bene-
(95% Cl) score slope Youden ty fit" 0.05-
threshold 0.30
XGBoog' 0-885 0605 0119 0168 1.317 -1411 0.463 0.801 0.817 0.404 0.963 0.038
(0.874-
0.896)
Light- 0.882 0596 0085 0049 1812 0026 0.169 0.788 0.812 0.394 0.961 0.072
GBM! (0.871-
0.893)
cBMK 0.878 0581 0.083 0035 1.553 0024 0.139 0.831 0.759 0.349 0.967 0.071
(0.867-
0.888)
CatBoost 0.864 0622 0089 0086 2.783 -03% 0.214 0.735 0.829 0.400 0.953 0.059
(0.851-
0.876)
Random  0.859 0572 0.088 0047 1.754 0084 0.151 0.789 0.782 0.359 0.960 0.067
forest (0.847-
0.872)
Neural 0.858 0594 0081 0006 1.055 -006 0.146 0.775 0.779 0.353 0.957 0.067
network  (0.846-
0.871)
TabNet  0.843 0566  0.084 0013 1.020 -6 0.175 0.740 0.787 0.351 0.951 0.063
(0.830-
0.857)
SVM- 0.824 0533 0089 0037 1.254 -006 0.124 0.719 0.769 0.326 0.946 0.054
RBF (0.810-
0.838)
K-nearest 0.822 0501 0.093 0030 1.530 -0  0.149 0.781 0.705 0.292 0.954 0.056
neighbors  (0.809-
0.836)
Decision 0.781 0411  0.097 0012 0.978 0.007 0.103 0.746 0.683 0.268 0.945 0.051
tree (0.765-
0.797)
Naive 0.643 0179 0.835 0837 0.148 519 1.000 0.717 0.547 0.197 0.926 -0.056
Bayes (0.627-
0.658)
Logistic  0.633 0180 0114 0017 0.863 -00B 0.115 0.806 0.411 0.175 0.932 0.022
regres- (0.616-
sion 0.651)
LASSO™ 0.633 0180 0.114 0019 0.889 -00B 0.119 0.783 0.437 0.178 0.928 0.022
logistic ~ (0-616-
0.650)

%Repeated stratified 5-fold cross-validation with 5 repeats was performed in the full development cohort (n=7241; miscarriages: n=973; nonevents:
n=6268). Five outer-test predictionswere averaged for each record. Modelsare ordered by AUC. The Youden threshold refersto raw averaged out-of-fold
probabilities, which is a descriptive statistical operating point and is not auniversal clinical cutoff.

BAUC: area under the receiver operating characteristic curve.

CAUPRC: area under the precision-recall curve,

dECE: expected calibration error.

€CITL: cdibration-in-the-large.

==V positive predictive value.

INPV: negative predictive value.

PNt benefit was calculated as the optimal Youden threshold for each model.
X GBoost: Extreme Gradient Boosti ng.

jLightGBM: light gradient boosting machine.

kGBM: gradient boosting machine.
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lsvm -RBF, support vector machine with radia basis function.
M_ASSO: least absolute shrinkage and selection operator.

Secondary Development-Sample Recalibration and
Utility Analysis

Raw averaged X GBoost out-of-fold probabilities overestimated
absolute risk, with amean predicted probability of 30.3% vsan
observed event rate of 13.4%. Repeated 5-fold cross-fitted
logistic recalibration preserved discrimination (AUC 0.885
before and after recalibration) whileimproving Brier scorefrom
0.119 to 0.078 and ECE from 0.168 to 0.009 (Figure 3A); the
calibration intercept changed from —1.475to—0.001, calibration
dope from 1.317 to 0.999, and CITL from —-1.411 to
approximately 0 (Table S6 in Multimedia Appendix 1
[11,12,14]). In descriptive development-sample recalibrated
risk groups (<10%, 10% to <20%, 20% to <30%, and =30%),
observed miscarriage rateswere 2.0% (15/733), 13.1% (54/412),

Tong et d

30.9% (55/178), and 56.3% (71/126), respectively (Figure 3B).
Thetop 20% (290/1449) of patients by recalibrated risk captured
69.8% of miscarriages, the highest-risk decile had a lift of
approximately 4.0, and the maximum Kolmogorov-Smirnov
statistic was 0.564 at a predicted-risk threshold of 13.0%
(Figures 3C, 3D, and 3E). Threshold-dependent classification
metrics and predicted-risk distributions are shown in Figures
3F and 3G; the devel opment-specific Youden and F;-optimal
operating points (on cross-fitted recalibrated probabilities) were
15.5% and 39.5%, respectively, and were treated as descriptive
rather than transferable clinical cutoffs. Figures S5 to S9 in
Multimedia Appendix 3 provide additional recalibration,
classification error, risk ranking, threshold utility, and subgroup
diagnostics. Recalibrated development probabilities were not
used to modify either validation cohort.

Figure 3. Secondary development-sample calibration and utility analysis of Extreme Gradient Boosting (XGBoost) using cross-fitted recalibrated
out-of-fold probabilities. (A) Bootstrap calibration belt with decile-level calibration error and outcome composition. (B) Descriptive devel opment-cohort
risk groups (<10%, 10% to <20%, 20% to <30%, and =30%) with observed miscarriage rates. (C) Cumulative gains curve. (D) Decile lift chart; D1
denotes the highest-risk decile. (E) Kolmogorov-Smirnov (KS) discrimination profile. (F) Sensitivity, specificity, positive predictive value (PPV), and
F1-score across predicted-risk thresholds, annotated with development-sample Youden (15.5%) and F1-optimal (39.5%) operating points; the 15.5%
cutoff refersto cross-fitted recalibrated probabilities. (G) Predicted-risk distribution stratified by observed outcome. These devel opment-sampl e thresholds
and risk-group definitions are descriptive and were not applied to either the geographic external or prospective temporal validation cohorts. AUC: area
under the receiver operating characteristic curve; ECE: expected calibration error. See Multimedia Appendix 2 for a higher-resolution version of this
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showed cohort-level drift (Brier score=0.099; calibration
intercept=0.240; calibration slope=1.090; CITL=0.083; Figure
4B). DCA showed positive net benefit across thresholds 0.05
to 0.30 (Figure 4C). At the descriptive Youden threshold of
0.132, sensitivity was 0.781, specificity was 0.725, PPV was

External Validation in the Shenzhen Cohort

In the geographic external validation cohort (n=1170;
miscarriage events. n=146), the locked X GBoost model achieved
an AUC of 0.787 (95% CI 0.748-0.827; Figure4A). Calibration
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0.288, and NPV was 0.959. The modest PPV indicates a
substantial false-positive burden and supports use for risk

Tong et d

ranking rather than diagnosis.

Figure 4. Retrospective geographic external and prospective temporal validation of the prelocked Extreme Gradient Boosting (X GBoost) miscarriage
risk model. (A-C) Receiver operating characteristic (ROC) curve, calibration plot, and decision curve analysisin the Shenzhen retrospective geographic
external validation cohort. (D-F) Corresponding analyses in the prospective temporal validation cohort. Validation predictions were generated using
the locked model applied without modification. See Multimedia Appendix 2 for a higher-resolution version of thisfigure.
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Prospective Temporal Validation Cohort

In the prospective temporal validation cohort (n=500;
miscarriage events: n=62), thelocked X GBoost model achieved
an AUC of 0.763 (95% CI 0.709-0.816; Figure4D). Calibration
remained imperfect and differed in direction from the geographic
external cohort (Brier score=0.104; calibration intercept=—0.187;
calibration slope=0.896; CITL=-0.013; Figure 4E). DCA
showed positive net benefit primarily across thresholds 0.05 to
0.25 (Figure 4F). At the descriptive Youden threshold of 0.082,
sensitivity was 0.952, specificity was 0.479, PPV was 0.206,
and NPV was 0.986. These findings support counseling and
low-risk identification but not diagnostic classification or
treatment selection.

Risk Ranking Across Cohortsand Exploratory
Subgroup Analyses

Fixed risk groups were defined once from the prel ocked internal
reference predictions and applied without re-optimization to
both validation cohorts (Table S7 in Multimedia Appendix 1
[11,12,14]). Observed miscarriage rates across the 4 predefined
fixed risk groups increased from 0.6% (2/362) to 37.2%
(135/363) in the prelocked internal reference set, from 2.9%
(9/314) to 34.5% (77/223) in the geographic external validation

https://www.jmir.org/2026/1/€101829
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cohort, and from 0.8% (1/125) to 29.4% (32/109) in the
prospective temporal validation cohort. These fixed cut points
were used solely to evaluate transportable risk ranking and were
not optimized treatment thresholds. The devel opment-specific
recalibrated risk groups shown in Figure 3B congtitute aseparate
descriptive analysis and must not be conflated with these fixed
cut points applied for validation.

Exploratory subgroup discrimination across female age, BMI,
AMH, basal LH, testosterone, EMT, and center ranged from
0.862 to 0.905, with generally small mean calibration errors
(Figure S9 in Multimedia Appendix 3). These analyses lacked
sufficient power to support subgroup-specific inferences and
require independent external confirmation.

SHAP-Based Modd Interpretation

SHAP analyses quantified predictive contributions of individual
features rather than causal relationships. In the overall model,
AMH, EMT on hCG day, and basal LH were the leading
contributors, followed by female BMI, testosterone, embryo
stage, male age, female age, PRL, and number of high-quality
embryos (Figures 5A and 5B). AMH, EMT, and testosterone
ranked highly in the exploratory early-miscarriage model,
whereas female BMI and basal LH ranked highly in the
exploratory late-miscarriage model (Figures 5A and 5B).
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Subtype sample sizes, training strategy, calibration, and 1[11,12,14].
performance are reported in Table S8 in Multimedia Appendix

Figure5. Shapley additive explanations (SHAP)—based interpretation of the overall locked Extreme Gradient Boosting (XGBoost) model and exploratory
mi scarriage-subtype models. (A) SHAP summary dot plotsfor the overall model, exploratory early-miscarriage model, and exploratory late-miscarriage
model; point color represents feature value. (B) Corresponding bar charts of mean absolute SHAP values for each model. SHAP values quantify
contributions to model-predicted log odds. SHAP describes fitted-model behavior and does not establish causality. Early- and |ate-miscarriage subtype
analyses were exploratory and not predefined primary outcomes. AMH: anti-M{llerian hormone; bLH: basal luteinizing hormone; Emb. stage: embryo
stage (cleavage or blastocyst); F age: female age; F-BMI: female BMI; hCG day EMT: endometrial thickness on the day of human chorionic gonadotropin
administration; HQE T(n): number of high-quality embryos transferred; M age: male age; PRL: prolactin; T: testosterone. See Multimedia Appendix

2 for a higher-resolution version of thisfigure.

A Overall SHAP summary det plot of the XGBoost model
Embeyo stage - Empeyo suge
— .
— .
Protacin (PRL - [ —————
o, of igh-quaily ermbeyos asedarred | o
4 2 K] @
SHAP value (impact on model oulpul)
B Ovoerall XGBoost SHAP importance
-
el - —
— = .
- I
s —— :

8

02 [
Mean absolute SHAP value

SHAP dependence plots showed nonlinear fitted-model
associationsfor AMH, EMT, basal LH, and female BMI in the
overal model (Figure S10 in Multimedia Appendix 3), with
corresponding exploratory subtype patterns in Figure S11 in
Multimedia Appendix 3. These plots should not be interpreted
ascausal relationships, biologically optimal ranges, or treatment
targets.

Discussion

Principal Findings

In this multicenter study of 8911 women with PCOS with
clinical pregnancy following fresh embryo transfer, we
developed and validated a locked XGBoost miscarriage risk
stratification model using routine clinical, endocrine, ultrasound,
and embryo features. XGBoost, LightGBM, and GBM had
comparable discrimination in repeated cross-validation, with
divergent calibration and clinical utility. The locked XGBoost
model retained moderate discrimination in externa and tempora
validation. Fixed risk groups showed stepwise increases in
miscarriage rates across risk strata, supporting risk ranking
rather than definitive diagnosis. Exploratory SHAP analyses
identified key endocrine, endometrial, metabolic, and
embryo-related predictors.
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Comparison With Previous Studies

Previous studies have documented increased miscarriage and
adverse pregnancy risks in women with PCOS after assisted
reproduction [16,17], but population-level associations do not
provide individualized postclinical pregnancy risk estimates.
Existing miscarriage prediction studies differ substantialy in
population, prediction time, outcome definition, predictors, and
validation design; astructured comparison with studies by Yuan
et a [11], Liu et a [12], and Maand Zhou [14] is provided in
Table S9 in Multimedia Appendix 1 [11,12,14]. Our prelocked
XGBoost model was fixed before validation, while repeated
cross-vaidation comparisons showed that LightGBM and GBM
achieved comparable discrimination, with LightGBM
demonstrating better probability accuracy on several raw
out-of-fold metrics. The drop from an interna repeated
cross-validation AUC of 0.885 to a geographic external AUC
of 0.787 and a prospective temporal AUC of 0.763, together
with cohort-specific calibration drift, demonstrates that
predictive performance, updating requirements, and applicability
must be evaluated separately in each target clinical setting.

This model is not designed for miscarriage diagnosis or
treatment selection decision-making. Its intended prediction
timeisafter ultrasound-confirmed clinical preghancy and before
miscarriage outcome ascertainment, with intended end users
being reproductive medicineclinicians. Its potential clinical use
is restricted to structured risk communication and planning
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proportionate follow-up within existing clinical care standards.
Owing to modest PPV and a substantial false-positive burden,
ahigh-risk model output should only prompt enhanced clinical
review and patient counseling and must not trigger automatic
therapeutic intervention. For patients at low predicted risk, the
comparatively high NPV supports clinical reassurance and
routine follow-up. DCA provides exploratory estimates of
potential net benefit under hypothetical risk-threshold
assumptions and cannot substitute for evidence from a
prospective clinical impact trial.

SHAPanaysisidentified that AMH, EMT, basal LH, and female
BMI were the most predictive features for miscarriage in this
population with PCOS. AMH and EMT showed the strongest
predictive impact on overall and early miscarriage, while
testosterone played an important role in predicting early
miscarriage, consistent with prior evidence linking abnormal
ovarian reserve, endometrial receptivity, and hyperandrogenism
to early miscarriage in women with PCOS [18,19]. For late
miscarriage, female BMI and basal LH emerged as the top
predictive variables, in line with clinical observations that
metabolic dysregulation and hypothalamic-pituitary-ovarian
axis disturbance contribute to poorer ongoing pregnancy
maintenance [20-22]. Large-scale meta-analyses reported that
the high BMI of patients with PCOS was associated with a
significantly higher spontaneous abortion rate following IVF
[23,24]. These findings underscore that miscarriage risk in
PCOS is not a single, homogeneous outcome but rather a
composite of distinct endocrine, metabolic, and endometrial
pathways that operate at different gestational stages. These
findings may help generate hypotheses regarding biological
pathways and future prospective clinical studies. Importantly,
SHAP values reflect predictive importance within the model
and do not imply causal inference; our results support the
clinical utility of routinely available variables for personalized
risk assessment.

Strengths of this study include alarge multicenter cohort design,
rigorous separation of datasets for model development,
geographic external validation, and prospective temporal
validation, and exclusive use of preoutcome predictors to
minimize data leskage. Mode evaluation covered
discrimination, precision-recall performance, calibration, clinical
utility, risk dtratification, and formal statistical model
comparisons, with transparent documentation of variable
processing and hyperparameter specifications.

Limitations

Severd limitationswarrant consideration. First, the development
data were retrospective, and residua confounding and

Acknowledgments

Tong et d

center-specific protocols may have influenced model behavior.
Second, the unit of analysiswasthe IVF/ICSI clinical pregnancy
cycle; some women contributed more than 1 cycle, creating
possible nonindependence. Third, exclusion of biochemical
pregnancies produced a selected postconception cohort, so the
model does not estimate failure to establish clinical pregnancy
or biochemical pregnancy loss. Fourth, prospective temporal
validation included only 500 cyclesand 62 miscarriages, limiting
precision. Fifth, modest PPV impliesasubstantial false-positive
burden. Sixth, important variables, including genetic data,
lifestyle factors, medication exposure, previous miscarriage
history, AFC, infertility duration, and stimulation characteristics,
were not consistently harmonized for inclusion in the locked
predictor set. Seventh, although the benchmark was expanded
to LightGBM, CatBoost, and TabNet, it was not an exhaustive
comparison of al modern tabular architectures, such as
FT-Transformer,  TabTransformer,  Self-Attention and
Intersample Attention Transformer, or TabPFN. Eighth,
calibration differed across algorithms and cohorts;
development-sample recalibration was secondary and was
neither applied nor validated externally. Ninth, early- and
late-mi scarriage model s and subgroup analyses were exploratory
and were not independently validated. Tenth, sample size
adequacy was assessed post hoc using the Riley et al [15]
framework for binary prediction models, rather than being
calculated apriori at study inception [25]. Risk-of-bias appraisal
according to the Prediction Model Risk of Bias Assessment
Tool for Al underscores a key limitation: models with good
internal performance may show performance attenuation and
calibration drift in new cohorts [26]. Despite adherence to
TRIPOD+AI reporting standards [13], local monitoring and
potential recalibration are mandatory before clinical deployment.
Finally, no prospective clinical intervention or impact study
was conducted; the model cannot replace clinical judgment,
and local evaluation and, when appropriate, recalibration is
required before implementation.

Conclusions

We developed and evaluated a prelocked X GBoost model for
miscarriage risk ranking after confirmed clinical pregnancy in
women with PCOS following fresh IVF/ICSI. The model
retained moderate discrimination in geographic external and
prospective temporal validation but showed performance
attenuation and cohort-specific calibration drift. It may support
counseling and proportionate follow-up only after local
evaluation; it should not be used for diagnosis, treatment
selection, or automated decision-making. Exploratory subtype
and SHAP findings require independent validation.
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