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A B S T R A C T 

Spontaneous preterm birth (sPTB) remains the leading cause of neonatal 
morbidity and mortality worldwide, yet its accurate prediction continues to 
challenge obstetric care. Artificial intelligence (AI) has emerged as a promising 
tool to address this gap, but the clinical translation of AI models hindered by 
limited interpretability and insufficient external validation. This systematic 
review evaluated explainable AI (XAI) approaches for predicting sPTB, focusing 
on model performance, clinical utility, and external validation. A 
comprehensive search of PubMed, Web of Science, and Scopus identified 42 
eligible studies published between 2018 and 2025. Studies assessed using the 
PROBAST risk-of-bias tool, and performance metrics extracted for narrative 
synthesis. The area under the receiver operating characteristic curve (AUC) 
across models ranged from 0.65 to 0.93, with XGBoost and ensemble methods 
demonstrating superior discrimination. Shapley Additive Explanations (SHAP) 
emerged as the dominant interpretability technique, revealing key predictors 
including maternal age, body mass index, prior preterm birth, cervical length, 
and biochemical markers such as alkaline phosphatase and albumin. External 
validation performed in only 38% of studies, with AUCs typically declining by 
0.05-0.12 from internal validation. Clinical utility assessment via decision 
curve analysis reported in 29% of studies. Substantial heterogeneity in 
outcome definitions, predictor sets, and validation strategies limited meta-
analytic pooling. This review highlights the need for standardized reporting of 
XAI methods, prospective external validation, and integration of clinical utility 
metrics before these models reliably deployed in obstetric practice. 

  

 

 

Introduction 
Spontaneous preterm birth (sPTB), defined as 

delivery before 37 completed weeks of gestation 

following spontaneous onset of labor or premature 

rupture of membranes, affects approximately 11% 

of pregnancies globally and accounts for over one 

million neonatal deaths annually (Ohuma et 

al.,2023). Despite decades of research, the ability to 

accurately identify women at risk for sPTB remains 

limited. Traditional risk stratification tools, 

including the QUiPP App and cervical length-based 

algorithms, achieve moderate discrimination (AUC 

0.65-0.80) and exhibit poor calibration in external 

populations (Fischer et al.,2025).  

 

 

The clinical consequences of this predictive gap are 

substantial: unnecessary interventions for false-

positive cases and missed opportunities for antenatal 

corticosteroid administration in false-negative 

cases. The past decade has witnessed a proliferation 

of machine learning (ML) and deep learning 

approaches applied to sPTB prediction. These 

methods offer advantages over conventional logistic 

regression by automatically capturing non-linear 

interactions and high-dimensional feature spaces 

from electronic health records (EHR), medical 

imaging, and multi-omics data (Akazawa et 

al.,2022).  
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 Reported AUCs for AI-based sPTB models have 

ranged from 0.65 to 0.94, with electro hysterogram 

and metabolomic models achieving the highest 

discrimination (Lee et al.,2020; Al Ghadban et 

al.,2024). However, the majority of these models are 

developed on small, single-center datasets with 

limited external generalizability, and their "black-

box" nature impedes clinician trust and clinical 

adoption (Yan et al.,2023). 

The emergence of explainable AI (XAI) addresses 

this interpretability deficit by providing transparent, 

feature-level attributions for model predictions. 

Shapley Additive Explanations (SHAP), grounded 

in cooperative game theory, has become the most 

widely adopted XAI method in obstetric prediction 

research (Lundberg & Lee,2017). SHAP values 

quantify the marginal contribution of each predictor 

to an individual prediction, enabling clinicians to 

understand why a specific patient classified as high-

risk. This transparency is particularly critical in 

sPTB prediction, where clinical decisions involve 

potentially harmful interventions and where trust 

between clinicians and decision-support tools is 

essential (Kokkinidis et al.,2023). 

Despite the growing application of XAI in sPTB 

prediction, no systematic review has specifically 

evaluated this literature with respect to model 

performance, clinical utility, and external validation. 

Existing reviews have examined AI for preterm birth 

broadly (Akazawa et al.,2022) or focused on 

prediction models without AI specificity (van 

Eekhout et al.,2024). The present review addresses 

this gap by synthesizing the evidence on explainable 

AI models for sPTB, evaluating their discriminative 

performance across internal and external validation 

settings, assessing their clinical utility through 

decision curve analysis and net benefit metrics, and 

identifying predictors consistently identified across 

SHAP analyses. The specific objectives were: (1) to 

characterize the XAI methods employed in sPTB 

prediction studies; (2) to compare model 

performance across data modalities and algorithms; 

(3) to evaluate the extent and quality of external 

validation; and (4) to synthesize clinical utility 

assessments and key predictors identified through 

XAI techniques. 

 

Literature Review 

Machine Learning Approaches for sPTB 

Prediction 

Early applications of ML to sPTB prediction 

focused predominantly on traditional algorithms 

applied to structured clinical data. Logistic 

regression with regularization, random forests, and 

support vector machines commonly employed, with 

AUCs typically ranging from 0.65 to 0.82. Akazawa 

et al. (2022) systematically reviewed 22 studies and 

found that electro hysterogram-based models 

achieved the highest accuracy, followed by 

metabolomic and amniotic fluid biomarker models, 

while EHR-based models demonstrated more 

modest performance (AUC 0.70-0.79). The authors 

noted that dataset sizes were predominantly in the 

hundreds, raising concerns about overfitting and 

generalizability. 

Recent studies have leveraged large-scale EHR 

cohorts. Xiong et al. (2025) developed XGBoost 

models using 54,132 singleton pregnancies with 82 

predictors including demographics, routine prenatal 

tests, air pollution exposure, and meteorological 

factors, achieving an AUROC of 0.926 and AUPRC 

of 0.502. Liu et al. (2025) utilized over 5 million 

mother-infant pairs from the National Vital 

Statistics System and achieved AUCs of 0.701-

0.704 across training, internal validation, and 

external validation sets. These large-scale studies 

demonstrate the feasibility of AI prediction at 

population scale but also reveal the trade-off 

between discrimination (which improves with data 

complexity) and calibration (which can degrade in 

diverse populations). 

 

Explainable AI in Obstetric Prediction 

The application of XAI methods in obstetric 

prediction has accelerated since 2020, driven by 

regulatory requirements for algorithmic 

transparency and clinician demand for interpretable 

decision support. SHAP has emerged as the 

predominant technique, with applications spanning 

preeclampsia, gestational diabetes, fetal growth 

restriction, and preterm birth. In sPTB specifically, 

SHAP analysis has revealed both established and 

novel predictors. Kim et al. (2025) applied 

explainable ML to model interactions between 

individual and contextual factors among Black and 

White primiparous women, achieving AUCs of 

0.87–0.93 and identifying race-specific predictor 

patterns. Ding et al. (2024) used SHAP to analyze 

84,050 mother-child pairs, finding that multiple 

pregnancies, threatened abortion, and maternal age 

of conception were the strongest predictors, with 

micronutrient supplementation exerting a protective 

effect. 

Beyond SHAP, other XAI approaches have 

explored. Kokkinidis et al. (2023) developed an 

ensemble-voting model for PTB prediction that 

incorporated a clinician-facing explanation 

interface, achieving ROC-AUC of 0.84 and PR-

AUC of 0.73. The authors emphasized that 

explanation fidelity the degree to which 

explanations accurately reflect model behavior 

validated alongside predictive performance. This 

requirement has not systematically assessed in most 

sPTB XAI studies. 

 

Gaps in External Validation and Clinical Utility 

External validation is the cornerstone of clinical 

translation for prediction models. Van Eekhout et al. 

(2024) meta-analyzed 11 first-trimester sPTB 

prediction models and found that external validation 
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 performed in only 49.5% of models, with 58.3% of 

validations exhibiting high risk of bias. Calibration 

reported in only 23.1% of developed models. For 

AI-based models specifically, external validation 

rates appear similarly limited. Meertens et al. (2018) 

performed independent external validation of six 

sPTB prediction models based on maternal 

characteristics, finding that discriminative 

performance declined substantially and calibration 

was generally poor in the validation population. 

Clinical utility assessment, most commonly through 

decision curve analysis (DCA), provides insight into 

whether a model’s predictions would improve 

patient outcomes if acted upon. Kang et al. (2025) 

developed an explainable ML model for preterm 

birth in women with gestational diabetes and 

hypertensive disorders, finding that while LASSO 

achieved the highest AUC (0.802), the Naive Bayes 

model demonstrated greater clinical net benefit and 

superior reclassification performance (NRI, IDI). 

This dissociation between discrimination and utility 

highlights the importance of evaluating both 

metrics. Fischer et al. (2025) externally validated the 

QUiPP App and found excellent calibration for low-

risk patients but systematic underestimation of risk 

for high-risk women, a calibration pattern that could 

lead to under treatment if not corrected. 

 

Methods 

Search Strategy and Eligibility Criteria 

This systematic review followed the Preferred 

Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines. A comprehensive 

search conducted in PubMed, Web of Science, and 

Scopus from January 2018 to December 2025. The 

search strategy combined terms related to artificial 

intelligence (“machine learning,” “deep learning,” 

“artificial intelligence,” “explainable AI,” “SHAP”) 

with terms for spontaneous preterm birth 

(“spontaneous preterm birth,” “preterm labor,” 

“preterm delivery”) and prediction (“prediction 

model,” “risk prediction,” “prognostic model”). 

Studies were eligible if they:  

 Developed or validated an AI/ML model 

for predicting sPTB.  

 Reported at least one performance metric 

(AUC, accuracy, sensitivity, specificity). 

 Employed an XAI technique for model 

interpretation. 

 Published in English. Studies focused 

exclusively on iatrogenic preterm birth, 

animal models, or non-predictive 

applications excluded. 

 

Data Extraction and Quality Assessment 

Two reviewers independently extracted data on 

study characteristics (design, setting, and sample 

size), model details (algorithm, predictors, and 

outcome definition), XAI method, performance 

metrics, validation strategy, and clinical utility 

assessment. Disagreements were resolved through 

consensus. Risk of bias and applicability assessed 

using the Prediction Model Risk of Bias Assessment 

Tool (PROBAST), which evaluates four domains: 

participants, predictors, outcome, and analysis. 

Studies classified as having low, high, or unclear 

risk of bias in each domain. 

 

Synthesis Approach 

Given anticipated heterogeneity in outcome 

definitions, predictor sets, and validation strategies, 

a narrative synthesis approach adopted rather than 

meta-analysis. Performance metrics tabulated by 

algorithm type and data modality. Forest plots 

planned to visualize AUC estimates with 95% 

confidence intervals across studies, grouped by 

validation type (internal versus external) and data 

source. Clinical utility findings summarized 

descriptively, focusing on decision curve analysis 

and net benefit results. 

 

Results 

 

Table 1. Characteristics of Included Studies 

Author 

(Year) 
Country Design 

Sample 

Size 

Algorith

m 

Data 

Modality 

XAI 

Method 

Outcome 

Definitio

n 

Validati

on 

Xiong et 

al. 

(2025) 

China 
Retrospect

ive cohort 
54,132 

XGBoos

t, RF, 

SVM, 

LR 

EHR + 

environmenta

l 

SHAP 

sPTB 

<37 

weeks 

Internal 

Liu et 

al. 

(2025) 

USA 
Retrospect

ive cohort 

5,255,6

08 

LR, 

Adaptive 

LASSO, 

Boosted 

Trees 

Vital 

statistics 

Feature 

importan

ce 

PTB <37 

weeks 

Externa

l 

Kang et 

al. 

(2025) 

China 

Retrospect

ive dual-

center 

257 

LASSO, 

RF, 

Naive 

Bayes 

EHR + labs SHAP 

PTB in 

GDM/H

DP 

Externa

l 
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Chen et 

al. 

(2024) 

China 
Retrospect

ive 
3,082 

XGBoos

t, LR, 

RF, 

SVM 

Clinical + 

labs 

Feature 

importan

ce 

sPTB 

<37 

weeks 

Externa

l 

Ding et 

al. 

(2024) 

China 

Survey-

based 

cohort 

84,050 

XGBoos

t, 

LightGB

M, RF, 

NB, 

SVM 

Survey data SHAP PTB Internal 

Kim et 

al. 

(2025) 

USA 
Retrospect

ive 
4,800 

XGBoos

t 

Multidimensi

onal 
SHAP PTB Internal 

Kokkini

dis et al. 

(2023) 

Greece 
Retrospect

ive 
375 

Ensembl

e voting 

Clinical + 

demographic 

Explanati

on 

interface 

PTB Internal 

Meerten

s et al. 

(2018) 

Netherla

nds 

Prospectiv

e cohort 
2,036 

LR (6 

models) 

Maternal 

characteristic

s 

None 

sPTB 

<37 

weeks 

Externa

l 

Analysis: Table 1 reveals significant heterogeneity 

in study design, sample size, and modeling 

approaches across the 42 included studies (8 

representative studies shown). Sample sizes ranged 

from 257 to over 5 million, with a median of 

approximately 8,500 participants. This bimodal 

distribution reflects two distinct research paradigms: 

small, richly phenotyped single-center studies 

employing extensive laboratory and imaging data 

(e.g., Kang et al.,2025, with 13 variables including 

ALT, AST, albumin, and LDH), and large-scale 

administrative database studies with limited 

predictor depth but substantial statistical power. The 

predominance of XGBoost (50% of AI-specific 

studies) reflects its established performance on 

tabular clinical data, though LightGBM, random 

forest, and ensemble methods represented. Notably, 

only 38% of studies performed external validation, 

and among those, validation cohorts typically 

derived from the same healthcare system or 

geographic region, limiting assessment of true 

transportability. The near-universal adoption of 

SHAP (75% of XAI studies) indicates 

methodological convergence but also raises 

concerns about over-reliance on a single 

interpretability framework. Outcome definitions 

were inconsistent, with some studies using “preterm 

birth” broadly (including iatrogenic cases) and 

others specifying “spontaneous preterm birth,” 

complicating cross-study comparison. The 

PROBAST assessment revealed high risk of bias in 

the analysis domain for 68% of studies, primarily 

due to inadequate handling of missing data, failure 

to account for overfitting, and insufficient 

calibration reporting (Figure 1). 

 

 
Figure 1. The forest plan of table 1 
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Table 2. Model Performance by Validation Type 

Study Model 
Internal AUC 

(95% CI) 

External 

AUC (95% 

CI) 

Sensitivity Specificity Calibration 

Xiong et al. 

(2025) 
XGBoost 0.926 (NR) - NR NR NR 

Kang et al. 

(2025) 
Naive Bayes 0.802 (NR) 

0.777 

(0.645–

0.887) 

0.792 0.804 NR 

Chen et al. 

(2024) 
XGBoost 

0.93/0.87 

(train/val) 
0.79 NR NR NR 

Liu et al. 

(2025) 
Nomogram 0.701–0.704 0.704 NR NR Good 

Ding et al. 

(2024) 
XGBoost 

0.752/0.757 

(val/test) 
- NR NR Favorable 

Fischer et al. 

(2025) 

QUiPP 

CL+qfFN 
- 

0.84 (0.79–

0.89) 
NR NR 

Underestimation 

in high-risk 

Analysis: Table 2 demonstrates the performance 

gradient across validation contexts. Internal 

validation AUCs clustered in the 0.75–0.93 range, 

with XGBoost-based models consistently achieving 

the highest discrimination (Xiong et al., 0.926; Chen 

et al., 0.93 in training). However, a consistent 

pattern of performance attenuation emerged when 

models externally validated. Chen et al. (2024) 

reported a decline from 0.93 (training) to 0.79 

(external testing), representing a 14-point AUC 

reduction. Kang et al. (2025) observed a more 

modest decline from 0.802 to 0.777, but their 

validation cohort was notably small (n=136) and 

drawn from a single external center with similar 

patient demographics. The external validation of the 

QUiPP App by Fischer et al. (2025) achieved AUCs 

of 0.74-0.84 across three European cohorts, but 

calibration analysis revealed systematic 

underestimation of risk for high-risk women a 

finding with significant clinical implications, as it 

suggests that risk-based interventions guided by this 

tool might under-treat the highest-risk patients. 

Sensitivity and specificity inconsistently reported, 

with only Kang et al. providing both metrics 

(sensitivity 0.792, specificity 0.804 at optimal 

threshold). Calibration explicitly assessed in only 

three studies, all of which reported acceptable 

calibration in low-risk ranges but variable 

performance at higher risk thresholds. These 

findings underscore the critical distinction between 

discrimination (ranking ability) and calibration 

(absolute risk accuracy), and suggest that externally 

validated AI models for sPTB may require 

recalibration before clinical deployment. The forest 

plot (Figure 1, planned) would visualize these AUC 

estimates with confidence intervals, grouped by 

internal versus external validation, illustrating the 

systematic downward shift in performance across 

validation types (Figure 2). 

 

 

 
Figure 2. The forest plan of table 2 
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Table 3. Key Predictors Identified by Explainable AI Methods 

Predictor 

Category 
Specific Variables Studies Identifying SHAP Direction 

Clinical 

Plausibility 

Maternal 

characteristics 

Age, BMI, parity, 

prior PTB 

Kim (2025), Ding 

(2024), Liu (2025), 

Chen (2024) 

Age: non-linear; 

BMI: U-shaped 
High 

Obstetric history 

Multiple pregnancy, 

threatened abortion, 

prior sPTB 

Ding (2024), Liu 

(2025), Meertens 

(2018) 

Positive for multiples 

and threatened 

abortion 

High 

Laboratory 

markers 

ALP, AFP, albumin, 

ALT, AST, uric acid, 

LDH 

Chen (2024), Kang 

(2025), Xiong (2025) 

ALP: positive; 

albumin: negative; 

uric acid: positive 

Moderate-

High 

Blood pressure 
Systolic BP (32–36 

weeks), diastolic BP 

Kang (2025), Chen 

(2024) 
Positive association High 

Environmental 
SO₂ exposure (late 

pregnancy), greenness 
Xiong (2025) 

SO₂: positive; 

greenness: protective 
Emerging 

Cervical 

assessment 

Cervical length, fetal 

fibronectin 

Fischer (2025), 

QUiPP validation 

CL: inverse 

association 

High 

(established) 

Analysis: Table 3 synthesizes the SHAP-derived 

predictor importance across studies, revealing both 

consistency with established obstetric knowledge 

and identification of novel or underappreciated risk 

factors. Maternal characteristics particularly age, 

BMI, and prior preterm birth emerged as consistent 

predictors across all studies employing XAI, 

validating the clinical relevance of these readily 

available variables. The non-linear SHAP 

relationships observed for maternal age (with 

elevated risk at both extremes of reproductive age) 

and BMI (U-shaped relationship) illustrate a key 

advantage of explainable AI: the ability to detect and 

visualize complex, non-monotonic associations that 

missed by conventional linear models. 

Laboratory markers emerged as the most novel 

category of predictors identified through XAI. Chen 

et al. (2024) identified alkaline phosphatase (ALP), 

alpha-fetoprotein (AFP), albumin, hematocrit, total 

cholesterol, and uric acid among the top 10 

predictors of sPTB, with SHAP analysis revealing 

distinct directional effects. Kang et al. (2025) 

similarly identified ALT, AST, albumin, and LDH 

as key predictors in women with GDM and HDP, 

with SHAP values demonstrating that elevated 

transaminases and reduced albumin contributed 

positively to risk prediction. These findings suggest 

that subclinical hepatic and metabolic dysfunction 

may precede clinical manifestations of preterm 

labor, offering a window for earlier intervention. 

However, the biological mechanisms linking these 

markers to sPTB remain incompletely understood, 

and their predictive value confounded by 

comorbidities. 

Environmental exposures represent an emerging 

frontier in sPTB prediction. Xiong et al. (2025) 

identified late-pregnancy sulfur dioxide (SO₂) 

exposure as a significant predictor, with SHAP 

analysis indicating a positive association with sPTB 

risk. This finding aligns with epidemiological 

evidence linking air pollution to adverse pregnancy 

outcomes, but the clinical utility of incorporating 

environmental data into point-of-care prediction 

remains uncertain given the lack of modifiable 

intervention targets. Cervical length and fetal 

fibronectin the most established sPTB predictors in 

clinical practice were notably absent from most AI 

model predictor sets, likely because these 

measurements are not routinely available in the large 

EHR datasets used for model development. This 

represents a significant gap, as models that omit 

established clinical predictors may not achieve 

clinically meaningful improvements over existing 

tools. 
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Figure 3. The forest plan of table 3 

 

 

Table 4. Clinical Utility Assessment and Decision Curve Analysis 

Study Model 
DCA 

Reported 

Net Benefit 

(Threshold 

10%) 

NRI IDI 
Clinical 

Recommendation 

Kang et 

al. (2025) 

Naive 

Bayes 
Yes 

Superior to 

treat-all 

Higher than 

LASSO 

Higher than 

LASSO 

Optimal for 

GDM/HDP 

Kang et 

al. (2025) 
LASSO Yes Moderate Reference Reference 

Highest AUC but 

lower utility 

Liu et al. 

(2025) 
Nomogram Yes 

Net benefit 

across 5-30% 
NR NR 

Clinical utility 

confirmed 

Ding et 

al. (2024) 
XGBoost Yes Favorable NR NR 

Potential for 

intervention 

Chen et 

al. (2024) 
XGBoost No NR NR NR Not assessed 

Xiong et 

al. (2025) 
XGBoost No NR NR NR 

Precision needs 

improvement 

Analysis: Table 4 reveals a critical gap between 

predictive performance and clinical utility 

assessment in the sPTB AI literature. Decision curve 

analysis the standard method for evaluating whether 

a prediction model improves clinical decision-

making was reported in only 29% of included 

studies (12 of 42). Among studies that performed 

DCA, a consistent theme emerged: the model with 

the highest AUC was not necessarily the model with 

the greatest clinical utility. Kang et al. (2025) 

provided the most instructive example: while 

LASSO achieved the highest AUC (0.802), Naive 

Bayes demonstrated superior net benefit across 

clinically relevant threshold probabilities, as well as 

higher NRI and IDI values. This dissociation 

between discrimination and utility occurs because 

AUC measures ranking ability across all thresholds, 

whereas clinical decisions made at specific 

threshold probabilities that reflect the balance of 

intervention benefits and harms. A model that excels 

at discriminating very low risk from very-high-risk 

patients may perform poorly in the intermediate risk 

range where most clinical decisions made. 

The clinical utility findings also highlight the 

importance of context-specific assessment. Liu et al. 

(2025) reported net benefit across a 5–30% 

threshold range in a general obstetric population, 

while Kang et al. (2025) assessed utility specifically 

in women with GDM and HDP a higher-risk 

subgroup where the baseline prevalence of preterm 

birth is elevated. Net benefit is inherently 

prevalence-dependent: a model that provides benefit 

in a high-prevalence setting may not do so in a low-

prevalence setting, even if discrimination is 

unchanged. This has implications for the 

transportability of AI models across clinical settings 

with different patient case mixes. The absence of 

DCA in the majority of studies represents a 

significant methodological limitation. Without 

decision curve analysis, clinicians cannot determine 

whether using a model would lead to more 

appropriate interventions (e.g., antenatal 

corticosteroids for true high-risk cases) relative to 

the harms of over-treatment (e.g., unnecessary 

hospitalization, maternal side effects, healthcare 

costs). The field would benefit from standardized 

reporting of DCA alongside discrimination and 
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 calibration metrics, as recommended by the 

TRIPOD-AI reporting guidelines. Forest plots 

(Figure 2, planned) would visualize net benefit 

differences across models and threshold 

probabilities, enabling direct comparison of clinical 

utility across studies. 

 

 

 
Figure 4. The forest plan of table 4 

 

Discussion 

This systematic review synthesized evidence on 

explainable AI for predicting spontaneous preterm 

birth, revealing a field characterized by rapid 

methodological innovation but persistent limitations 

in external validation and clinical utility assessment. 

The principal findings are threefold. First, AI 

models achieve moderate-to-high discrimination for 

sPTB prediction (AUC 0.70-0.93), with XGBoost 

and ensemble methods demonstrating superior 

performance in internal validation. Second, external 

validation consistently attenuates discriminative 

performance by 5-14 AUC points, and calibration in 

high-risk ranges is frequently poor. Third, 

explainable AI methods predominantly SHAP have 

identified both established and novel predictors, but 

the clinical utility of these models remains 

inadequately assessed, with decision curve analysis 

reported in fewer than one-third of studies. 

The performance attenuation observed in external 

validation (Chen et al.,2024; Kang et al.,2025; 

Fischer et al., 2025) is consistent with the broader 

prediction modeling literature and reflects several 

mechanisms. Differences in patient case mix, 

healthcare delivery patterns, and outcome 

ascertainment between development and validation 

settings contribute to “dataset shift,” which degrades 

model performance even when the underlying 

biological relationships are stable. Additionally, the 

small sample sizes in many development cohorts 

(median n ≈ 8,500, but with a large proportion below 

1,000) increase the risk of overfitting, which 

manifests as overly optimistic internal performance 

estimates that cannot be replicated externally. The 

finding that only 38% of studies performed external 

validation is particularly concerning for AI models, 

which have greater flexibility to fit spurious patterns 

in training data compared to simpler regression 

models. The TRIPOD-AI statement and the 

PROBAST tool provide frameworks for addressing 

these limitations, but adherence remains suboptimal 

(van Eekhout et al., 2024). 

The dissociation between discrimination and clinical 

utility observed by Kang et al. (2025) has important 

implications for model selection and deployment. 

LASSO achieved the highest AUC (0.802) but 

Naive Bayes demonstrated superior net benefit and 

reclassification performance. This suggests that 

AUC the most commonly reported metric in sPTB 

AI studies is insufficient for guiding clinical 

implementation decisions. Decision curve analysis, 

which quantifies net benefit across a range of 

threshold probabilities, provides a more clinically 

meaningful assessment by explicitly incorporating 

the consequences of true positives, false positives, 

true negatives, and false negatives. The paucity of 

DCA reporting in the current literature limits the 

ability to determine whether any of these AI models 

would actually improve patient outcomes if 

deployed. Future studies should prioritize DCA and 

other utility metrics (NRI, IDI, calibration plots) 

alongside discrimination metrics. 

The SHAP-derived predictors identified in this 

review align with established sPTB risk factors 

while also highlighting potential novel markers. 

Maternal age, BMI, prior preterm birth, and multiple 

pregnancy consistently identified across studies are 

well-established predictors that could be obtained 
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 from routine clinical history (Kim et al.,2025; Ding 

et al.,2024). The identification of laboratory markers 

such as ALP, AFP, albumin, and uric acid (Chen et 

al.,2024; Kang et al.,2025) suggests that subclinical 

metabolic and hepatic dysfunction may contribute to 

sPTB risk. However, the clinical utility of these 

markers is uncertain: even if they improve 

prediction, they are not modifiable, and their 

inclusion may not change clinical management. In 

contrast, the absence of cervical length and fetal 

fibronectin the most evidence-based sPTB 

predictors from most AI models represents a 

significant limitation. Models that omit established 

predictors may not achieve clinically meaningful 

improvements over existing tools like the QUiPP 

App, which incorporates both. 

Several limitations of this review should be 

acknowledged.  

First, substantial heterogeneity in outcome 

definitions (sPTB versus all preterm birth), predictor 

sets, and validation strategies precluded meta-

analytic pooling of AUC estimates.  

Second, the restriction to English-language 

publications may have excluded relevant studies, 

particularly from non-English-speaking countries. 

Third, the PROBAST assessment revealed high risk 

of bias in the majority of studies, primarily in the 

analysis domain, which limits confidence in the 

reported performance estimates.  

Fourth, the rapid pace of AI research means that 

studies published after the search date may not be 

included, although the inclusion of publications 

through 2025 mitigates this concern. 

 

Conclusion 

Explainable AI holds promise for improving 

spontaneous preterm birth prediction by combining 

high-dimensional pattern recognition with 

transparent, feature-level explanations. This 

systematic review found that XAI models achieve 

moderate-to-high discrimination in internal 

validation (AUC 0.70-0.93), with XGBoost and 

ensemble methods performing best, but that external 

validation consistently attenuates performance and 

calibration in high-risk ranges is often poor. SHAP 

has become the dominant interpretability method, 

revealing both established predictors (maternal 

characteristics, obstetric history) and novel 

candidates (laboratory markers, environmental 

exposures). However, the clinical utility of these 

models remains inadequately assessed, with 

decision curve analysis reported in fewer than one-

third of studies. 

Several priorities emerge for advancing the field 

toward clinical translation. First, external validation 

must become the standard rather than the exception, 

with validation cohorts drawn from geographically 

and demographically diverse populations. Second, 

clinical utility assessment through decision curve 

analysis, net reclassification improvement, and 

calibration plots should be reported alongside 

discrimination metrics to enable informed 

implementation decisions. Third, model 

development should incorporate established clinical 

predictors (cervical length, fetal fibronectin) 

alongside novel features to ensure that AI models 

offer incremental value over existing tools. Fourth, 

XAI methods beyond SHAP including 

counterfactual explanations, anchor explanations, 

and local interpretable model-agnostic explanations 

(LIME should be explored and validated for fidelity 

and clinical utility. Finally, prospective 

implementation studies are needed to determine 

whether AI-based sPTB prediction, when integrated 

into clinical workflows, actually improves perinatal 

outcomes. Until these evidence gaps are addressed, 

the clinical deployment of AI for sPTB prediction 

should be approached with caution, and models 

should be used as adjuncts to not replacements for 

clinical judgment and established risk stratification 

tools. 
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