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ABSTRACT

Pregnancy loss remains a critical global public health challenge, affecting approximately
23 million women annually and accounting for 15.3% of all clinically recognized
pregnancies worldwide, with the highest burden concentrated in sub-Saharan Africa and
other low-resource settings. Despite its prevalence, clinically deployable, explainable
predictive tools capable of integrating multiple risk domains at the point of individual
care remain largely absent from routine antenatal practice. This study developed,
implemented, and evaluated PregLoss PredictorAl, a machine learning-based clinical
decision support system for pregnancy loss risk stratification among reproductive-aged
women. A dataset of 1,187 patients with eleven clinical and demographic features was
used to train and evaluate three supervised ensemble classifiers (XGBoost, LightGBM,
and Random Forest) under 5-fold stratified cross-validation. The XGBoost model was
selected as the best-performing classifier, achieving a weighted AUC-ROC of 99.95%,
accuracy of 98.90%, weighted F1-score of 0.9890, High-risk sensitivity of 98.52%, and
High-risk specificity of 99.16%. SHAP analysis identified BMI, pre-existing diabetes,
mental health concern, heart rate, and blood sugar as the five most influential predictors,
findings consistent with established clinical evidence. The trained model was deployed
as a 3-tier web-based application comprising a Python FastAPI backend, React.js clinical
interface, and PostgreSQL database. The system provides patient-level SHAP
explainability alongside risk classification, bridging the persistent translational gap
between machine learning research and clinical practice. These findings demonstrate
that a multi-domain, explainable, low-cost predictive system for pregnancy loss risk is
achievable and clinically viable.
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INTRODUCTION

Pregnancy loss, which includes miscarriage, stillbirth, and
ectopic pregnancy, is a major obstetric burden worldwide and
one of the most frequent and tragic consequences for women.
The World Health Organization estimates that 23 million
pregnancies worldwide terminate in pregnancy loss, or over
15% of all clinically recognized pregnancies (WHO, 2021).
Women aged between 15 to 49 years represent reproductive
aged women who bear the risk of pregnancy loss (United
Nations Population Fund, 2022).

Treatment is still primarily retrospective, despite the fact that
many of the underlying risk factors for pregnancy loss such
as aging, prior pregnancy loss, PCOS, uterine abnormalities,
antiphospholipid syndrome, chromosomal abnormalities, and
lifestyle factors like smoking and obesity, have been
identified (Bender et al., 2023; Quenby et al., 2021).
Antenatal clinics rarely have algorithms implemented into
routine care, and in their place clinicians will often use
intuition or experience, rather than evidence-based
quantifiable risk scores.

Globally millions of pregnancies are lost every year but there
is a shortage of adequate and practical tools for predicting
these losses accurately. Methods such as Logistic Regression
(Rochebrochard and Thonneau, 2002), Biomarker-based
methods (Verhaegen et al. 2012), that exist for risk
estimation, for the most part, are fractured and approach
isolated risk factors individually, without accounting for the
synergistic and multiplicative interactions that they
collectively have. There remain major gaps in the capacity of
health care providers and systems to foresee, predict and

ultimately prevent losses for reproductive-age women. Taken
together, these issues suggest the need for a clinically
meaningful and pragmatically deployable, machine learning-
based predictive model that is broadly applicable.

Several studies highlights that most existing predictive
models are built on datasets that are small or geographically
concentrated, focus only on a single domain of risk, are poorly
adapted into practice-friendly tools, do not incorporate real-
time data, and there is no openly available standardized tool
that aims to predict pregnancy loss among women of
reproductive age in resource-limited regions. A study by
Connak et al. (2025) examined the results of pregnancies at
extreme reproductive age (>45 years). Pregnant women
between the ages of 19 and 45 who gave birth at the
University Hospital in Chiang Mai, Thailand between 1992
and 2022 were included in the digital database. Only data
from Chiang Mai University Hospital were used in the study.
According to the study, even in situations where there are no
underlying medical conditions, being pregnant close to the
end of one's reproductive life is linked to a markedly increased
chance of unfavourable pregnancy outcomes. Nevertheless, it
is not possible to extrapolate the results to other areas. The
effects of mother and paternal age on miscarriage were
examined by Rochebrochard and Thonneau (2002). In order
to shed light on reproductive failure, this was necessary.
Using multivariate logistic regression and a single variable
(age), the study examined the ages of the mothers and fathers.
According to the study, men over 40 and women over 35 are
more likely to miscarry. The study's univariate data is one of
its main limitations.
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Artificial intelligence (Al) and machine learning (ML) are
transforming customized medicine and health. Large amounts
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risk of pregnancy loss in women of reproductive age is the
main objective of this work.

of clinical and biochemical data can be analyzed and risk can

be estimated using machine learning (ML) methods based on
algorithms including statistical learning, logistic regression,
neural networks, random forests, and gradient boosting
(Obermeyer & Emanuel, 2016). This approach has been used
for predicting several adverse pregnancy complications,
including preterm birth, gestational diabetes, and pre-
eclampsia, and has shown reasonable discriminatory accuracy
(Sufriyana et al., 2020). The design and application of a

Review of Empirical Literature

An overview of the chosen research studies is provided in this
section, as presented in Table 1. The review summarizes the
authors' methods, emphasizing the methodology, main
conclusions, and constraints. Overall, this section offers a
summary of the data cleaned from the reviewed publications,
together with the methods used and the drawbacks of the
selected studies.

machine learning-based predictive model for determining the

Table 1: Review of Literature

SIN  Author & Year Topic Methodology Key Finding(s) Limitation(s)
1 Quenby et al. Global burden of Systematic review  23M losses/year; Observational;
(2021) miscarriage & meta-analysis 15.3% prevalence; limited LMIC
>50% unexplained representation
2 Blencowe etal.  Global stillbirth Systematic 2.6M stillbirths/year; No individual
(2016) analysis analysis: 195 98% in LMIC predictive model
countries
3 Lawn et al. Stillbirth global Disease burden Intrapartum care Descriptive; no
(2016) burden 2000-2015 analysis failure; insufficient prediction
progress framework
4 Regan & Rai Epidemiology of Clinical narrative Heterogeneous Review only; no ML
(2020) miscarriage review aetiology; no composite  application
risk tool
5 Rai & Regan Recurrent Clinical review, 1% couple prevalence;  Review; no
(2006) miscarriage The Lancet 50-75% unexplained prediction model
6 Audu et al. Pregnancy loss in Cross-sectional 12.3% rate; linked to Single centre;
(2020) NE Nigeria hospital study multiparity & absent limited biochemical
ANC data
7 Farren et al. Psychological Multicentre cohort  29% PTSD; 24% No biological
(2020) outcomes post-loss (n=737) anxiety at 9 months predictors
8 Nybo Andersen  Maternal age and Register linkage Risk 8.9% (age 20-24)  No biomarker
et al. (2000) miscarriage study (>1M) to 74.7% (age 45+) integration
9 Goddijn & Genetic basis of Clinical review 50-60% chromosomal Review; no
Leschot (2000) miscarriage basis; trisomy dominant  prediction tool
10 Stephenson et Cytogenetics of Case-control Euploid losses higher Small sample;
al. (2002) recurrent loss (n=468) in recurrent cases karyotyping only
11 Saravelos et al. Uterine anomalies Systematic review  Higher anomaly Observational; no
(2008) and loss & meta-analysis prevalence in recurrent  model
loss
12 Empson et al. APS and recurrent Cochrane review Heparin+aspirin Treatment trial; no
(2005) miscarriage (13 RCTs) reduces loss in APS prediction
13 Kovalevsky et Inherited Systematic review  Associations found,; Heterogeneous
al. (2004) thrombophilia & routine screening studies
loss debated
14 Robertson etal.  Thrombophilia in Systematic review  Late loss linked to No individualised
(2006) pregnancy (79 studies) thrombophilia risk score
15 Stagnaro-Green  Thyroid disease in ATA clinical Thyroid autoimmunity: ~ Guideline; no ML
etal. (2011) pregnancy guideline 2-3x miscarriage risk model
16 Van den Subclinical SR & meta- Subclinical High heterogeneity
Boogaard et al. hypothyroidism & analysis (37 hypothyroidism OR
(2011) loss studies) 2.01
17 Maconochie et Risk factors for Prospective case- Age, prior loss, alcohol, No predictive
al. (2019) first-trimester loss control (>11K) stress are independent scoring tool
18 Salim et al. Causes of recurrent ~ Observational 65% have >1 risk Single clinic; referral
(2012) loss clinic study factor; uterine anomaly  bias
(n=716) most common
19 Lund et al. Recurrence risk National cohort Risk 20% after 1 loss; Observational; no
(2012) after loss (634,272) 43% after 3 ML
20 Musters et al. Supportive care for ~ RCT Support improves well-  Not a diagnostic tool
(2014) recurrent loss being; no live birth

benefit
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S/IN  Author & Year  Topic Methodology Key Finding(s) Limitation(s)
21 Pineles et al. Smoking & SR & meta- Active smoking OR Publication bias
(2014) miscarriage analysis (98 1.32; dose-dependent possible
studies)
22 Thangaratinam BMI interventions SR & meta- BMI independent Not a predictive
et al. (2012) in pregnancy analysis (23 RCTs)  predictor of loss model
23 Dimitriadis et Immunology of Pathophysiology NK cells & T-cells Review; no model
al. (2020) recurrent loss review implicated
24 Barnhart et al. B-hCG patterns & Prospective >53% rise in 48h = Biomarker only
(2004) viability multicentre viable; standard
criterion
25 Seeber et al. B-hCG curves for Prospective cohort  85% sensitivity for Small sample;
(2006) failure failure ectopic focus
26 Mol et al. Serum progesterone  Meta-analysis <16 nmol/L: 93% Limited specificity
(1998) accuracy sensitivity
27 Verhaegen et al.  Progesterone test SR & meta- AUC 0.85; best as Heterogeneous
(2012) accuracy analysis (26 composite predictor designs
studies; n=9,436)
28 Smith et al. PAPP-A and Prospective cohort ~ Low PAPP-A predicts Not early
(2004) stillbirth (n=8,839) antepartum stillbirth miscarriage
29 Tuckerman et NK cells & Prospective Elevated NK% predicts ~ Small sample;
al. (2010) recurrent prognostic (n=200)  subsequent miscarriage  specialist only
miscarriage
30 lliodromiti et al.  Progesterone Prospective cohort ~ AUC 0.85 with No ML; single
(2016) predicts loss composite variables domain
31 Coomarasamy Progesterone RCT: RCT (n=836) No benefit in Subgroup
et al. (2015) PROMISE unselected population stratification needed
32 Wahabi et al. Progesterone Cochrane review RR 0.72 reduction in Risk stratification
(2018) supplementation (10 RCTs; miscarriage not performed
n=1,684)
33 Koivu & ML for spontaneous ~ Gradient boosting;  AUC 0.78; prior loss No biochemical
Sairanen (2020)  abortion Finnish registry strongest predictor variables
34 Zhang et al. Deep learning for LSTM on EHR Sensitivity 82%, Black-box; no
(2023) first-trimester loss (>200K Specificity 76% explainability
pregnancies)
35 Mor et al. XGBoost for XGBoost; AUC 0.91; nonlinear Composite outcome;
(2021) adverse outcomes retrospective interactions captured not loss-specific
(n=58K)
36 Guo et al. Nomogram for Logistic regression ~ AUC 0.81; B-hCG, Single centre;
(2021) abortion risk (n=892) progesterone key bootstrap only
37 Machtinger et RF for unexplained  Random forest Accuracy 81%; Small sample; single
al. (2017) recurrent loss (n=476) immune markers centre
important
38 Sufriyana et al. ML for Systematic review  AUC 0.62-0.98; Preeclampsia
(2020) preeclampsia: SR (28 ML studies) ensembles best specific
39 Unterscheider et Biophysical Prospective Multi-domain Not ML, fetal
al. (2016) stillbirth multicentre: integration improves growth focus
stratification PORTO classification
40 Battista et al. Deep learning in SR (53 DL studies) DL improves AUC; Review; no new
(2022) obstetrics: SR translation gap model
identified
41 Van Oppenraaij ~ Adverse first- Logistic regression  AUC 0.84 using No ML; limited
et al. (2009) trimester outcome (n=2,710) gestational age and - features
hCG
42 Breiman (2001)  Random forest Algorithmic Ensemble outperforms  Technical; not
algorithm research single trees; variable clinical
importance
43 Chen & XGBoost Algorithm, ACM Dominates structured Requires clinical
Guestrin (2016) SIGKDD data; handles missing validation
values
44 Keetal. (2017) LightGBM Algorithm, Faster than XGBoost; Limited clinical
NeurlPS comparable accuracy obstetric validation
45 Cortes & Support vector Algorithmic Optimal hyperplane; Technical; not
Vapnik (1995) machines research effective high-dim clinical

spaces
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S/IN  Author & Year  Topic Methodology Key Finding(s) Limitation(s)
46 LeCun et al. Deep learning Review, Nature State-of-the-art across High data &
(2015) clinical data tasks compute
requirements
47 Liuetal. (2019) SVM for preterm Retrospective AUC 0.79; SVM better ~ Preterm birth focus
birth cohort (n=1,150) in high-dim biomarker
48 Hsieh et al. Comparing ML for Comparative ML Performance Not pregnancy loss
(2020) gestational diabetes  study differences modest with
limited data
49 Esteve-Codina RF for perinatal RF; retrospective AUC 0.87; BMI and Perinatal focus; not
et al. (2021) outcomes (n=15,872) gestational age key miscarriage
50 Steyerberg etal.  Prediction model Methodological Calibration + Methodological; not
(2010) performance review discrimination are empirical
essential
51 Steyerberg etal.  Clinical prediction Methodological Internal-external Guideline; not
(2019) validation guidance validation empirical
recommended
52 Collins et al. TRIPOD reporting Consensus 22-item checklist; Reporting guideline
(2015) standard guideline international standard only
53 Waljee et al. Missing data Comparative Multiple imputation Not obstetric-
(2013) handling in ML methodological outperforms complete-  specific
study case
54 Obermeyer & ML in clinical Commentary, ML identifies nonlinear  Commentary; no
Emanuel (2016)  medicine NEJM patterns beyond applied model
humans
55 Steyerbergetal. PROGRESS Methodological, Four-domain taxonomy  Methodological; not
(2013) prognostic PLOS Medicine for prognostic research  empirical
framework
56 Bright et al. CDSS effectiveness SR of 148 RCTs CDSS improves Broad scope; not
(2012) guideline adherence in  obstetric
57% of trials
57 Sendak et al. ML translation into ~ Framework paper Trust, interpretability, Framework; not
(2020) practice workflow are key applied
factors
58 Coleman et al. Obstetric triage Prospective single-  27% reduction in time-  Single centre;
(2019) CDSS centre evaluation to-treatment specific context
59 Fiorentinoetal. ~ Mobile CDSS for Validation study, 86% accuracy Vs Single country; small
(2017) miscarriage Italian PC specialist; high study
acceptance
60 Practice Evaluation of Evidence-based Comprehensive Guideline; no
Committee recurrent loss guideline management predictive model
ASRM (2012) framework
61 Maguire et al. Antenatal risk Observational Major gaps in Observational; no
(2015) documentation study (n=1,482) structured risk solution
documentation
62 WHO (2019) Digital health Normative CDSS recommended Normative; not
interventions guideline for resource-limited empirical
settings
63 Free et al. Mobile health SR of 75 RCTs Consistent maternal Broad; not loss-
(2013) interventions health improvements specific
from mHealth
64 Lundberg & Lee  SHAP: model Algorithmic, Consistent, locally Clinical adoption
(2017) interpretation NeurlPS accurate feature still developing
attribution
65 Reyes et al. SHAP in obstetric Applied SHAP consistent with Single model type
(2020) prediction explainability, clinical knowledge
Radiology: Al
66 Holzingeretal.  Explainable Al in Theoretical review, Causability required for  Theoretical; no
(2019) medicine WIREs ethical clinical Al applied model
67 Rampasek & Deep learning in Review, Cell Attention mechanisms High data
Goldenberg genomics Systems for interpretable requirements
(2018) genomic prediction
68 Daly et al. Web-based Pilot development,  High user satisfaction; Pilot; small sample;
(2022) miscarriage risk tool  Ireland improved workflow no ML
69 Yousuf et al. Transfer learning CNN: transfer 91% accuracy for Imaging required,;
(2021) for US images learning missed abortion not all settings

classification
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S/IN  Author & Year  Topic Methodology Key Finding(s) Limitation(s)

70 Thomas et al. Al ultrasound in Prospective Al feasible; accuracy Imaging-based; not
(2022) Africa validation, Sub- comparable to expert clinical data

Saharan Africa

71 Burgos-Artizzu  CNN for obstetric Deep learning: Accuracy comparable Not applicable to
et al. (2020) ultrasound CNN to sonographers clinical prediction

72 Johnson et al. MIMIC-1V EHR Data resource, >300K admissions; Dataset description;
(2023) dataset Scientific Data open-access obstetric not a model

data

MATERIALS AND METHODS

This study adopted the six-phase model of Peffers et al.
(2007), a predictive machine learning model and a web-based
clinical decision support system. PreglLoss PredictorAl
comprises a web application clinical decision support system
that leverages a trained ensemble machine learning model
with a healthcare professional interface that delivers real-time
explainable predicted risk of pregnancy loss. The application
employs a 3-tierclient—server architecture comprised of: (1) a
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client Presentation Tier utilizing React.js to provide the user
clinical interface, (2) a client Application Tier utilizing
Python FastAPI which contains the prediction engine, the
SHAP explainer, and the business logic, and (3) a client Data
Tier utilizing PostgreSQL for storage of patient histories,
prediction logs and audit trail information with file-system
storage for the model artefacts. This overall system
architecture is depicted below in Figure 1.

Data Tier (Storage)

_\ ‘)

3 Err
Reso ponsa

> Conficence Score

SQL
Per-Feature SHAP Values | | Connection
-

Assembly
5. confidence,

- -
‘ Response

Figure 1: Architectural Diagram of the Proposed System

Dataset Acquisition and Preparation
The training dataset used in this study includes 1,187 patient
records with eleven clinical features and demographic

Table 2: Dataset Summary Statistics

variables, splitted into High-risk and Low-risk classes with
474 and 713 records respectively (39.9% and 60.1%). Table
2, Summarizes the dataset characteristics.

Feature Min Max Mean Std Dev Missing Type

Age (years) 15 60 28.4 7.1 0 Continuous
SystolicBP (mmHg) 60 200 113.2 18.6 0 Continuous
DiastolicBP (mmHg) 40 130 76.4 14.2 0 Continuous
BloodSugar (mmol/L) 3.0 285 8.7 35 0 Continuous
BodyTemperature (°F) 97.0 103.0 98.3 1.0 0 Continuous
BMI (kg/m?) 10.0 58.0 224 7.3 0 Continuous
Heart Rate (bpm) 40 200 76.2 14.8 0 Continuous
Previous Complications 0 1 0.42 N/A 0 Binary
Pre-existing Diabetes 0 1 0.38 N/A 0 Binary
Gestational Diabetes 0 1 0.31 N/A 0 Binary
MentalHealth Concern 0 1 0.35 N/A 0 Binary

Figure 2 displays these feature distributions faceted by risk
class, visually highlighting which individual features
contribute the most discrimination between High-risk and

FUDMA Journal of Sciences (FJS) Vol.

Low-risk groups. High SHAP values have shown the potential
to discriminate between High-risk and Low-risk for BMI,
BloodSugar, Systolic BP and Heart Rate.
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Feature Distributions by Risk Class

Age (years) Systolic BP (mmHg)

Diastolic BP (mmHg) Blood Sugar (mmol/L)
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Figure 2: Feature Distribution by Risk Class, Training Dataset

Model Training and Selection

The three ensemble classifiers were trained using 5-fold
stratified cross-validation. The trained classifiers include
XGBoost (Chen & Guestrin, 2016), LightGBM (Ke et al.,
2017), and Random Forest (Breiman, 2001). Stratified k-fold
splitting guarantees maintaining the proportion of each class
in every fold, as suggested by Steyerberg et al. (2019).

The study utilized hyperparameter optimization through a
grid search over a cross-validation with each fold’s best
performance evaluated on the weighted AUC-ROC. The
classifier with best weighted AUC-ROC was chosen and save
the trained model with the fitted imputer, label encoder, and

SHAP TreeExplainer using the joblib library, saving all
model artifacts in the models/ folder.System

System Design

Use Case Diagram

Figure 3 presents the PregLoss PredictorAl system use case
diagram. The main actors include: (1) Clinician/Healthcare
Provider — The user system, who performs operations such as
entering patient data, assessing risk, viewing reports etc (2)
System Administrator — a privileged user who carries out
system administration, managing user profiles, and training.
(3) ML Engine —an internal system actor which takes in input,
perform computation and returns predictions.

Clinician/Healthcare
Provider

X

System
Administrator

PreglLoss PredictorAl System

Login and Authenticate

Register New Patient

Enter Clinical Risk Factors

Generate Risk Prediction —
ML Engine
(internal)

Figure 3: The PregLoss PredictorAl System Use Case Diagram

Activity Diagram

Figure 4 shows an activity diagram for the main use case of
generating a prediction for risk of pregnancy loss. Starting
with clinician authentication, they visit the New Assessment
screen and enter the data into fields and submit. All fields are
validated, and Validation errors will be thrown back if the
data range exceeds acceptable limits. Valid data are

transferred to the feature transform module and fed into the
ML model. The system will calculate the risk tier and
confidence score and SHAP values; output from the model
will be fed to the risk stratification module, and then the risk
report will be rendered to the clinician. The user then chooses
to save to the patient record or export to PDF. All activities
will be logged in the audit log.
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Figure 4: Activity Diagram for Risk Assessment Prediction Workflow

Sequence Diagram

Figure 5 illustrates the Sequence diagram that shows the
Prediction request workflow. There are six (6) actors involved
in this sequence: Clinician, Web frontend (React.js), FastAPI
APl Server, ML inference engine, SHAP explainer, and
PostgreSQL Database. Patient clicks the Submit button on the
form in the Frontend, submitting patient data. The frontend
makes an HTTP POST /predict request to the APl Server.
Input is validated using Pydantic. The input feature vector is

I Roact.js FastAP|
ohaidan Web Frontend API Server
L Submit Patient Form
POST /predict (HTTP request)

Pydantic
=

Vaiidate Input

sent to the ML inference engine. ML inference engine outputs
a probability array. The probability array and feature vector
are sent to SHAP explainer to output per-feature SHAP
values. The complete prediction object (including probability
and SHAP values) is written to the Database, and returned as
a JSON payload to the Frontend, which then visualizes it in
the risk dashboard. Typically, the round trip should complete
in less than 200ms - 500ms.

ML Inference
Engine

PostgreSQL l

SHAP
Explainer Database

alidation)

Returns JSON Payload
‘Hr‘rr’

 Risk Dashboard |

Rer
(Gauge, Donut Lhalrl Watoriall Chan. Dashboard)

L i

T {Typical Round Trip Time: 200 ms to 500 ma | I
T

Flgure 5: Sequence Diagram for Prediction Request Workflow

Data Flow Diagram

Figure 6 shows that the Level 0 (Context) Data Flow Diagram
for the system consists of one process (PregLoss PredictorAl).
Two input flows from the Clinician to the system are
provided: Patient Clinical Data and Authentication
Credentials. Three output flows from the system are provided
to the Clinician: Risk Score and Tier, SHAP Explanation, and
Clinical Recommendation. The system interacts with external
data stores that are Clinical Database and Model Repository.

Figure 7 presents the Level 1 DFD, decomposing the system
into four sub-processes: (1) User Authentication. This process

takes Clinician’s input and sends to CLINICIAN data store
and generates a session token to be used by the clinician; (2)
Data Entry and Validation. This process takes the data input
from the patient clinician and generates a validated feature
vector or a validation error; (3) Model Inference and
Explanation. This process takes the valid feature vector, query
the model repository and invokes the ML inference and SHAP
calculation and outputs risk prediction and an explanation; (4)
Report Generation and Storage. This process receives
prediction result, write data in clinical database and output the
rendered risk report to the clinician.

Patient Clinical Data Queries N =
o : > »  Clinical
Authentication Credentials ‘/ Writes Database
Clinician | regloss
. Risk Score and Tier PredictorAl )
s SHAP Explanation \ noccjidl (l)\uenes » Model
A Clinical Recommendation 00 ooess Repository

Figure 6: Data Flow Diagram (Level 0, Context Diagram)
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Figure 7: Data Flow Diagram (Level 1, Process Decomposition)
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RESULTS AND DISCUSSION
The results of the study employing XGBoost, LightGBM, and
Random Forest models are presented in this section.

Table 3: Metrics Results for ML Models

Ahubele et al.,

FJS

Model Comparison Results

The three ensemble classifiers (XGBoost, LightGBM, and
Random Forest) were evaluated under 5-fold stratified cross-
validation. All three models achieved exceptionally high
performance on the dataset, with AUC values exceeding
0.999. Table 3 and Figure 8 present the comparative results.

Model AUC-ROC Weighted F1-Score Accuracy
XGBoost x (Selected) 0.9995 0.9890 98.90%
LightGBM 0.9993 0.9924 99.24%
Random Forest 0.9994 0.9891 98.90%

Model Comparison (5-fold Stratified CV)

1.000
1.0 0.989 0.989

0.2

0.0

0.999 0.992 0.992

AUC
F1
Accuracy

0.999

XGBoost

LightGBM

RandomForest

Figure 8: Model Comparison, 5-Fold Stratified Cross-Validation

Best Model Performance: XGBoost

XGBoost was selected as the best model on the primary
criterion of highest AUC-ROC (0.9995) presented in table 4,
consistent with the evidence of Chen and Guestrin (2016) that
XGBoost consistently achieves superior performance on
structured clinical data. Although LightGBM achieved
marginally higher accuracy and F1 (0.9924 vs 0.9890),

XGBoost's highest AUC is the most clinically relevant metric,
as it measures the model's ability to discriminate between
positive and negative cases across all probability thresholds,
which is particularly important in a clinical risk stratification
context where threshold selection may vary by clinical setting
(Steyerberg et al., 2010).

Table 4: Best Model (XGBoost) Overall Performance Metrics

Metric Value
Accuracy 98.90%
Weighted F1-Score 0.9890
Weighted AUC-ROC 0.9995
Dataset Size 1,187 patients
Features 11

Validation Strategy

5-fold Stratified Cross-Validation

Figure 9, which depicts the confusion matrix of XGBoost,
shows that the model performed 467 accurate High-risk
classifications out of 474 true High-risk cases (7 false
negatives) and 707 correct Low-risk classification out of 713
true Low-risk case (6 false positives). An uneven error profile,
with marginally more false negative cases (7) than false

positive (6) cases, is preferred in this risk stratification setting,
as a false negative (missed a true High risk patient) is arguably
of greater clinical impact than a false positive (incorrectly
referred a Low risk patient), as advocated for sensitive
screening tools.

Confusion Matrix - XGBoost

High

True label

High

Low

Predicted label

Figure 9: Confusion Matrix, XGBoost Best Model
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Table 5 and Figure 10 illustrate the results obtained from the
XGBoost classifier.  Sensitivity:  High-risk  (98.52%)
specificity:  Low-risk  (99.16%) sensitivity: Low-risk
(99.16%) specificity: High-risk (98.52%) As can be seen in
Table 5 and Figure 11, the XGBoost classifier model yielded
values of 98.52% and 99.16% for the High-risk and Low-risk
sensitivities, respectively. These individual sensitivity figures
are excellent and show good balanced discriminant capacity

Table 5: Per-Class Evaluation Metrics, XGBoost
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among the two classes. Specifically, a high-risk sensitivity
value of 98.52% means that, from all of the women who are
at risk of miscarriage (high risk) it selects 98.52% of them,
which is an indicator of utmost importance from the point of
view of the clinical application of this result, as 99.16% of
low-risk women are excluded (correctly) from high-risk
treatment streams.

Class Sensitivity Specificity Precision F1-Score Support
High Risk 98.52% 99.16% 98.73% 98.63% 474
Low Risk 99.16% 98.52% 99.02% 99.09% 713

Per-Class Evaluation Metrics - XGBoost

0.8

0.2

0.0

High

mmm Sensitivity
099 mmm Specificity
B Precision
mmm Fl-Score

Low

Risk Class

Figure 10: Per-Class Evaluation Metrics, XGBoost Best Model

ROC and Precision-Recall Analysis

The ROC and Precision-Recall curves for the two risk groups
under 5-fold cross-validation are plotted in Figures 11 and 12.
Both ROC curves (High Risk: AUC =0.999, Low Risk: AUC
= 0.999) show almost perfect discrimination and their
respective operating points are very close to the top-left
corner of the ROC space, implying near-perfect sensitivity
and specificity at the same time. For the precision-recall

ROC - High Risk

curves, the model achieves AP=0.999 for High Risk and
AP=1.000 for Low Risk, much higher than the baseline
AP=0.40 and AP=0.60, respectively. It proves that our model
is not degrading its predictive ability under the tightest
standard and its performance is stable, without risk of
precision collapse in high-recall area that typically happens in
models for unbalanced class problem.

ROC - Low Risk

1.0 {
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&
2 064
2
=
&
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=
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0.0 —— AUC = 0.999 —— AUC = 0.999
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False Positive Rate

Figure 11: ROC Curves, XGBoost Best Model (5-Fold CV)
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Figure 12: Precision-Recall Curves, XGBoost Best Model (5-Fold CV)
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SHAP Feature Importance Analysis

SHAP analysis (Table 6, Figures 13 and 14) shows that
among all features included in the trained model, BMI is by
far the strongest predictor of the risk of pregnancy loss with
mean |[SHAP| of 1.9407, which is orders of magnitude larger
than that of any other feature. These results are strongly
supported by the literature: BMI > 30 kg/m2 is known to
increase the risk of gestational diabetes, hypertension and
pregnancy loss (Thangaratinam et al., 2012), and it is well-
established that adiposity can promote adverse reproductive
outcomes through mechanisms including hormonal and
inflammatory disruption (Thangaratinam et al., 2012). High
BMI ranked higher than biological measures such as blood
sugar indicates that in the model the systemic metabolic
burden of high BMI represents the primary risk pathway
identified within the data.

Second is pre-existing diabetes (SHAP = 1.5470), consistent
with evidence suggesting pre-gestational endocrine disorders
significantly raise the risk of congenital anomalies,
miscarriage, and stillbirth (Stagnaro-Green et al., 2011;
Empson et al., 2005). Mental health concern ranks third
(SHAP = 1.2052). This finding aligns with prospective
studies such as Farren et al. (2020), which reported a positive
association between perinatal mental health conditions and
adverse pregnancy outcomes, including fetal growth
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FJS

restriction and preterm birth. The wider literature also
suggests that psychological stress increases activation of the
Hypothalamic Pituitary Adrenal (HPA) axis, contributing to
adverse obstetric outcomes.

Heart rate (SHAP = 0.9946) and blood sugar (SHAP =
0.9500) rank fourth and fifth, respectively. Both act as
indicators of cardiovascular and metabolic stress. This makes
them relevant for predicting pregnancy loss.

Gestational diabetes (SHAP = 0.6729) and systolic blood
pressure (SHAP =0.3612) are seventh and ninth respectively,
which correspond to established links with placental function
impairment and hypertensive disorders in pregnancy
(Thangaratinam et al., 2012; Maconochie et al., 2019;
Unterscheider et al., 2016).

Age is ranked tenth (SHAP = 0.2578) in a context of a dataset
with relatively few examples of extreme maternal ages (e.g.,
>40) in whom age effects are generally stronger. The SHAP
beeswarm plot (Figure 14) demonstrates the directionality of
the influence of each feature. It indicates that high values of
any feature (shown in red/pink colour) contribute positively
towards the outcome of pregnancy loss (High Risk) and low
values of any feature (shown in blue) contribute negatively
(Low Risk) in a consistent and biologically interpretable
manner across the entire range of the features.

Table 6: SHAP Feature Importance, Top Features by Mean |[SHAP|

Rank  Feature SHAP (High) SHAP (Low) Mean |SHAP|
1 BMI (kg/m?) 1.9407 1.9407 1.9407
2 Pre-existing Diabetes 1.5470 1.5470 1.5470
3 Mental Health Concern 1.2052 1.2052 1.2052
4 Heart Rate (bpm) 0.9946 0.9946 0.9946
5 Blood Sugar (mmol/L) 0.9500 0.9500 0.9500
6 Gestational Diabetes 0.6729 0.6729 0.6729
7 Systolic BP (mmHg) 0.3612 0.3612 0.3612
8 Previous Complications 0.3487 0.3487 0.3487
9 Diastolic BP (mmHg) 0.3066 0.3066 0.3066
10 Age (years) 0.2578 0.2578 0.2578
11 Body Temperature (°F) 0.1782 0.1782 0.1782

SHAP Feature Importance - XGBoost

v |
Pre-existing Diabetes |
Mental Health Concern _
Heart Rate (bprm)
Blood Sugar (mmol/L) _

Gestational Diabetes [N

Systolic BP (mmHg) _
Previous Complications _
Diastolic BP (mmHg) [INIG

Age (years) -

Body Temperature (°F) -

0.00 0.25 0.50

0.75 1.00 1.25 1.50 1.75 2.00

mean(|SHAP value|) (average impact on model output magnitude

Figure 13: SHAP Feature Importance (Mean |SHAP]), XGBoost
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Figure 14: SHAP Beeswarm Plot, High Risk Class (XGBoost)

The Proposed System’s Performance

The drawbacks of the benchmark approach were addressed in
the present study by using machine learning ensemble models
as Random Forest, LightGBM, and XGBoost. Because it can

Table 7: Performance Metrics Comparison

distinguish between positive and negative cases across all
probability thresholds, the XGBoost was chosen as the best
performance model. This is very crucial in a clinical risk
stratification setting.

Metric Benchmark (Yehuala et al., 2025) Proposed XGBoost System
Accuracy 98% 98.90%
Precision 98% 98.90%
F1-Score 83% 98.90%
Sensitivity Recall T1% 98.52%
AUC 94% 99.95%

Benchmark System and Proposed System Comparison
Report

The benchmark system, which was based on the research of
Yehuala et al. (2025), predicted pregnancy loss among
women of reproductive age using Random Forest, Decision
Tree, Logistic Regression, Extreme Boosting, and Gaussian
models. The AUC-ROC curve, accuracy, precision, and F1-
score were used to assess the prediction models' performance.

With an accuracy of 98%, precision of 98%, F1-Score of 83%,
ROC of 94%, and recall of 77%, the Random Forest model
was shown to be the most effective in forecasting pregnancy
loss. Out of all the models, the Gaussian model had the lowest
classification accuracy (92.64%). However, as Table 8
summarizes, the system has many drawbacks that lower its
efficacy and dependability.

Table 8: Limitations of the Benchmark System and XGBoost-based Solutions

Limitations

Impact

XGBoost-based Solution

Used large population survey
datasets with socio-demographic
data such as mental status, residence
type, use of contraceptives etc

The input to the models used consist
of SSA region, wtachin TV, listening
to radio, reading newspapers, marital
status etc

Selected Random Forest as their
best model based primarily on
accuracy (98%) and precision
(98%), yet the model's recall of only
77% and F-measure of 83% reveal a
substantially poor ability to correctly
identify actual pregnancy loss cases,
which is the clinically most critical
performance dimension. A recall of
77% means that 23% of women who
genuinely experienced pregnancy
loss were incorrectly classified as
non-loss cases (false negatives)
Employs a simple holdout validation
strategy

Poses obstacle for any practical clinical
implementation

A pregnant woman's clinician cannot
impute ‘watches TV' or 'SSA region’
into a risk assessment instrument to
produce clinically useful result.

The model selection outcome is
methodologically inconsistent with the
stated performance.

Using a single 80/20 holdout split,
which is susceptible to partition-

Uses clinical and biochemical variables
such as BP, sugar level, BMI, Body
temp, blood hCG, etc

intended for patient-level point-of-care
implementation using individual
patient data and produces patient-level
risk prediction and SHAP values to
facilitate a clinician-patient discussion.
The proposed system achieves a High-
risk sensitivity (recall) of 98.52%
under 5-fold stratified cross-validation,
which is a substantially superior
performance on the clinically most
important metric.

The proposed system employs 5-fold
stratified cross-validation, which is the
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No clinical application, web
interface, or deployment mechanism
was described or provided.

Applied SMOTE prior to partitioning
the dataset into training and testing
sets.

The model explainability is restricted
to aggregate level SHAP waterfall
plots for two individual observations.

dependent performance variability and
does not provide a stable estimate of
generalisation performance,
particularly for a dataset with
significant class imbalance.

The translational gap between model
development and clinical  tool
availability, identified as a critical gap
across the broader literature by Battista
et al. (2022) and Sendak et al. (2020), is
fully present in this existing system.

This means that synthetic minority-
class samples, generated by
interpolating between real training
examples, may have influenced the
composition of the test set, leading to
optimistic performance estimates that
do not accurately represent the model's
behaviour on genuinely unseen data.
This form of explainability is
insufficient to fulfill all the
requirements of a clinically deployed
model, as the doctor is entitled to an
individual prediction explanation for
each patient in everyday clinical

methodological standard recommended
by Steyerberg et al. (2019) and Collins
et al. (2015) under the TRIPOD
framework, and it produces a more
reliable, partition-independent
performance estimate by averaging
results across five non-overlapping test
folds.

The proposed PregLoss PredictorAl
system bridges this gap by providing a
fully functional, deployable web-based
CDSS with an interactive clinician
interface, structured data entry, real-
time risk scoring, and SHAP-based
explainability.

By imputing and class balancing only
during the training pipeline, test set
purity is maintained.

The proposed system outputs per-
prediction arrays with SHAP values for
every inference, generates per-
prediction interactive waterfall bar
charts in the user interface, and
summarizes this information with a

practice.

overall SHAP importance bar chart and
beeswarmplot.

Discussion

The system integrated eleven clinical, metabolic, obstetric,
and lifestyle risk factors simultaneously, whereas the existing
system (Yehuala et al., 2025) assesses risk factors in isolation.
This is consistent with the evidence of Maconochie et al.
(2019) that combined risk factors convey substantially higher
risk than any single factor. XGBoost captured nonlinear
interactions and complex feature relationships that exceed the
capacity of human clinical judgment (Obermeyer & Emanuel,
2016). The achieved AUC of 0.9995 and accuracy of 98.9%
substantially exceed the performance of logistic regression
models reported in the literature (Guo et al., 2021; Van
Oppenraaij et al., 2009). SHAP-based feature attribution
provides patient-specific reasoning for each risk score,
resolving the 'black box' limitation identified in Zhang et al.
(2023) and Battista et al. (2022), and directly addresses
Sendak et al. (2020) requirement for interpretable Al.
Whereas the literature identifies a persistent translational gap
between model development and clinical deployment
(Battista et al., 2022), the proposed system is implemented as
a fully functional, accessible web application.

The system generated structured prediction logs and audit
trails, enabling quality improvement and retrospective
research, capabilities entirely absent from paper-based
systems. The web-based architecture enables deployment
across multiple facilities without per-site hardware.

The findings showed that the recommended XGBoost model
performs noticeably better than the benchmark system. A
significant improvement in prediction ability is demonstrated
by the recall improvement from 77% to 98.52%. Additionally,
the use of clinical and biochemical variables such as BP, sugar
level, BMI, Body temp, blood hCG, etc, improves the
reliability and  effectiveness in  practical clinical
implementation.

CONCLUSION

This study highlights the potential of machine learning to
transform pregnancy loss risk prediction into a cost-effective
and clinically usable tool. Among the ensemble classifiers
tested, it was shown that XGBoost consistently delivered the
strongest performance compared to LightGBM and Random
Forest models, achieving near-perfect discriminatory
accuracy under cross-validation. However, the model
identified Body Mass Index (BMI) as the most influential
predictor, followed by diabetes, mental health concerns, heart
rate, and blood sugar.

The integration of multiple domains such as metabolic,
cardiovascular, obstetric, hormonal, and psychosocial proved
superior to single-factor approaches, reinforcing the
importance  of holistic  risk  assessment.  Beyond
methodological advances, the deployment of the system as a
web-based decision support tool demonstrated that practical
barriers to clinical adoption are largely organizational rather
than technological.

Furthermore, the inclusion of SHAP explainability ensured
that outputs were interpretable and clinically trusted, bridging
the gap between algorithmic prediction and patient-centered
care. The study established that a multi-domain, explainable,
and deployable predictive system is not only achievable but
also represents a significant step forward in maternal health
risk stratification.
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