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Abstract

Background. Unplanned out-of-hospital births constitute rare but high-risk obstetric emergencies man-
aged by emergency medical services (EMS). Rapid assessment of labor progression in prehospital settings
is challenging due to limited diagnostic resources and time pressure, increasing the risk of adverse maternal
and neonatal outcomes. Machine learning (ML) may support early risk stratification using routinely collected
prehospital data.

Objectives. To develop and validate supervised ML models for predicting prehospital birth and to evaluate
whether these models reflect clinically intuitive obstetric reasoning.

Materials and methods. This retrospective observational study analyzed 3,002 EMS-attended labor cases
in Poland (August 2021—January 2022). The outcome was birth occurring before hospital arrival. Candidate
predictors included maternal characteristics, obstetric history, stage of labor, vital signs, and intrapartum find-
ings. Penalized logistic regression (elastic net), random forest (RF), support vector classifier with radial basis
function kernel (SVC-RBF), Gaussian naive Bayes (GNB), and k-nearest neighbors (kNN) models were trained
using stratified fivefold cross-validation. Model performance was evaluated using discrimination metrics
(area under the receiver operating characteristic curve (ROCG-AUC) and precision-recall AUC (PR-AUC)) and
calibration metrics (Brier score and logarithmic loss (log loss)). Nested cross-validation was applied to reduce
overfitting. Model interpretability was assessed using standardized coefficients, permutation importance,
and Shapley Additive Explanations (SHAP) values.

Results. Penalized logistic regression demonstrated robust performance (ROGAUC: 0.97 0.01; PR-AUC:
0.8140.04; Brier score: 0.036 +0.015). Random forest and SVC-RBF models achieved comparable discrimina-
tion (ROCG-AUC up to 0.97), whereas kNN performed less well (ROGAUC = 0.84). The 2 stage of labor was
the dominant predictor (§ = 1.39), followed by amniotic fluid status (B = —0.44). Sensitivity analysis exclud-
ing the stage of labor reduced model performance but retained moderate discrimination (ROG-AUC= 0.76),
indicating that additional clinical variables contributed to prediction.

Conclusions. Machine learning models demonstrated high internal predictive performance for prehospital
birth using routinely available EMS data and reproduced clinically intuitive decision patterns. Such tools may
support, but not replace, prehospital obstetric decision-making.
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+ Machine learning (ML) models accurately predict prehospital birth in EMS settings, achieving high performance
« Penalized logistic regression demonstrated robust discrimination and calibration using routinely collected pre-
+ Key predictors include stage of labor and amniotic fluid status, reflecting clinically intuitive decision-making

+ ML-based tools may support early risk stratification in out-of-hospital births, improving maternal and neonatal

Background

Unplanned out-of-hospital births represent rare but
clinically demanding obstetric emergencies encountered
by emergency medical services (EMS). Although they ac-
count for a small proportion of prehospital callouts, these
events are characterized by time pressure, limited diag-
nostic resources, and an increased risk of adverse maternal
and neonatal outcomes, including postpartum hemor-
rhage, neonatal hypothermia, and the need for immediate
resuscitative interventions.!~* In 2023, over 272,000 live
births were recorded in Poland, representing a decrease
of nearly 33,000 compared with the previous year. This
declining trend in birth numbers has significant implica-
tions for the functioning of the maternity care system.
In some regions, it has led to the closure of obstetric wards,
which may in turn contribute to an increase in out-of-hos-
pital births.” Prehospital clinicians are therefore required
to rapidly assess labor progression and determine whether
safe transport to hospital is feasible or whether delivery
is likely to occur before arrival, often under conditions
of substantial uncertainty and variable clinical experi-
ence.?® In recent years, there has been a substantial in-
crease in the number of scientific publications addressing
the application of artificial intelligence (AI) in medicine.
Artificial intelligence-based technologies demonstrate
considerable potential to transform and optimize diag-
nostic, prognostic, and decision-making processes across
multiple areas of healthcare.®’

From a clinical perspective, obstetrics and prehospi-
tal emergency care represent settings in which decision-
making is often time-critical and must be performed with
limited diagnostic resources. Unplanned out-of-hospital
births, although relatively rare, constitute high-risk events
that require rapid assessment of labor progression and im-
mediate evaluation of maternal and neonatal safety, often
by clinicians without direct access to specialist obstetric
support.>8?

The scientific literature increasingly reports the use
of Al to support clinical decision-making during preg-
nancy. These applications include, i.a., the analysis of fe-
tal images obtained using magnetic resonance imaging

(MRI) with Al-based algorithms, prediction of preterm
birth based on electrohysterographic (EHG) signals, and
assessment of the risk of fetal compromise during la-
bor.1%-12 Beyond specific clinical applications, increas-
ing attention has been directed toward the processes
by which such Al-based tools are developed. In particular,
the importance of interdisciplinary collaboration between
clinicians — including obstetricians and midwives — and
data science specialists has been emphasized to ensure
the clinical relevance and interpretability of predictive
models.>1314

Artificial intelligence represents a promising tool for
addressing complex problems related to risk prediction
and clinical assessment. By integrating multiple clini-
cal and demographic variables, Al-based models enable
the identification of risk factors associated with out-of-
hospital childbirth and may therefore improve predictions
of delivery occurring in prehospital settings.!® In clinical
obstetrics and emergency medicine, supervised machine
learning (ML) approaches are particularly relevant be-
cause they allow the prediction of predefined, clinically
meaningful outcomes based on routinely collected patient
data, thereby supporting — but not replacing — clinical
judgement.”16

Out-of-hospital births attended by EMS are rare but
clinically demanding events.* Their sudden onset, lim-
ited availability of resources, and the need for rapid clini-
cal decision-making make them a significant challenge
in emergency medicine. Therefore, identifying and ana-
lyzing predictive factors associated with unplanned out-
of-hospital births may play an important role in improv-
ing the quality of care provided to both the mother and
the newborn in prehospital settings.®1%18

Objectives

The objective of this study was to develop ML models
to predict out-of-hospital births and to evaluate whether
these models capture clinically meaningful patterns
based on variables routinely assessed during prehospital
obstetric care.
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Material and methods
Study design and setting

This study employed a retrospective observational de-
sign based on routinely collected prehospital EMS data.
The analysis included all EMS-attended childbirth events
occurring outside hospital settings in Poland between
August 2021 and January 2022. Clinical and operational
information was extracted from standardized medical
rescue procedure records completed by EMS person-
nel as part of routine care documentation. Cases were
identified using International Classification of Diseases,
Tenth Revision (ICD-10) diagnostic codes correspond-
ing to childbirth and labor, including preterm labor and
delivery (O60), precipitate labor (062.3), and full-term
uncomplicated delivery (O80). The study population con-
sisted of EMS-attended obstetric or labor-related callouts.
The primary outcome was whether delivery occurred be-
fore hospital arrival.

This study was conducted in accordance with the Dec-
laration of Helsinki. The research protocol was approved
by the Independent Bioethics Committee of Wroclaw
Medical University (Poland; decision No. KB-206/2023N).
The requirement for informed consent was waived
by the Committee due to the retrospective nature
of the study and the use of fully anonymized data, in ac-
cordance with applicable national regulations.

Study population and data

A total of 5,097 EMS records were reviewed. Of these,
2,095 cases (41%) were excluded because patients were
in the 3" or 4" stage of labor upon EMS arrival. The remain-
ing 3,002 cases (59%) involved women in the 1% or 2" stage
of labor and were included in the final analysis. Women aged
16 years or older who contacted EMS due to the onset of la-
bor and were in the 1% or 2" stage of labor at the time of EMS
intervention were included. Exclusion criteria included age
under 16 years, being in the 3' or 4" stage of labor upon EMS
arrival, and incomplete or missing EMS documentation.

Factors associated with prehospital deliveries attended
by EMS teams were examined. Collected data included
the location and reason for EMS activation, vital signs (heart
rate, blood pressure, oxygen saturation, and blood glucose
level), and maternal health conditions such as gestational
diabetes, gestational hypertension, COVID-19 infection,
and other comorbidities, including thrombosis, thyroid
disorders, depression, and epilepsy. Obstetric history was
also considered, including the number of pregnancies and
deliveries, gestational age, the course of pregnancy, and ac-
cess to prenatal care. Labor-related factors were assessed,
including uterine contractions, rupture of membranes,
stage of labor, and pregnancy complications such as the risk
of preterm delivery, cervical insufficiency, fetal growth re-
striction, and oligohydramnios. Intrapartum complications

—including hemorrhage, umbilical cord prolapse, retained
placenta, and eclampsia — were also analyzed.

The study was conducted in accordance with the STROBE
(Strengthening the Reporting of Observational Studies
in Epidemiology) guidelines.t’

Statistical analyses

The aim of the analysis was to evaluate whether ML mod-
els trained on routinely collected prehospital obstetric data
can predict the occurrence of a prehospital birth and reflect
clinically intuitive assessment of labor progression. The bi-
nary outcome was the presence or absence of a prehospital
birth, as defined in the source registry. Candidate predictors
were specified a priori and included maternal characteristics,
obstetric history, prehospital vital signs and point-of-care
measurements, clinical presentation, and labor-related vari-
ables routinely assessed by EMS. Detailed definitions of all
predictors are provided in the Supplementary data.

The dataset was split into training (approx. 80%) and test
(approx. 20%) sets using stratified sampling by outcome.
Preprocessing steps — including imputation of continuous
variables, encoding of categorical variables, and scaling
— were fitted exclusively on the training data and subse-
quently applied to the test set to prevent information leakage.
Records with missing categorical predictors were excluded
after the split to ensure unambiguous encoding. Several
supervised learning algorithms were evaluated, including
penalized logistic regression, random forest (RF) classifier,
support vector classifier with radial basis function kernel
(SVC-RBF), Gaussian naive Bayes (GNB), and k-nearest
neighbors (kNN). Hyperparameter tuning was performed
within the training data using cross-validation. Model per-
formance was assessed using the area under the receiver
operating characteristic curve (ROC-AUC), precision—re-
call AUC (PR-AUC), Brier score, logarithmic loss (log loss),
and calibration measures. Nested cross-validation was ad-
ditionally performed to evaluate potential optimism related
to model selection. Model interpretability was assessed using
permutation-based feature importance and Shapley Additive
Explanations (SHAP) analysis. Sensitivity analyses excluding
stage of labor were conducted to evaluate model dependence
on temporally proximal predictors. A detailed description
of the modeling pipeline, preprocessing steps, and interpret-
ability analyses is provided in the Supplementary data.

Results
Study population characteristic

Table 1 summarizes the baseline (pre-imputation) char-
acteristics of the study population stratified by birth out-
come. The analysis included 3,002 observations, of which
2,735 were classified as no prehospital birth and 267 as pre-
hospital birth.
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Table 1. Characteristics of the study population before imputation

Variable No prehospital birth Prehospital birth
n - 3,002 2,735 267
- 29.00 [23.00, 34.00] 28.00 [23.00, 34.00] 30.00 [25.00, 34.00]
Age [years]
missing, n (%) 53(1.8) 41 (1.5) 12 (4.5)
- 16.00 [14.00, 18.00] 16.00 [14.00, 18.00] 16.00 [14.00, 18.00]
Respiratory rate
missing, n (%) 400 (13.3) 345(12.6) 55 (20.6)
- 98.00 [98.00, 99.00] 98.00 [98.00, 99.00] 98.00 [97.00, 99.00]
Saturation [%)]
missing, n (%) 331(11.0) 290 (10.6) 41 (15.4)
- 130.00 [120.00, 140.00] 130.00 [120.00, 140.00] 130.00 [120.00, 140.00]
Systolic blood pressure [mm Hg]
missing, n (%) 670 (22.3) 597 (21.8) 73(27.3)
- 80.00 [70.00, 85.00] 80.00 [70.00, 85.00] 80.00 [75.75, 84.00]
Diastolic blood pressure [mm Hg]
missing, n (%) 679 (22.6) 604 (22.1) 75 (28.1)
- 90.00 [82.00, 100.00] 90.00 [81.00, 100.00] 92.00 [85.00, 103.50]
Heart rate [opm]
missing, n (%) 365 (12.2) 324 (11.8) 41 (154)
- 102.00 [90.00, 117.00] 101.00 [90.00, 116.00] 104.00 [87.75, 126.00]
Glucose [mg/dL]
missing, n (%) 2,415 (80.4) 2202 (80.5) 213 (79.8)
- 39.00 [38.00, 40.00] 39.00 [37.00, 40.00] 39.00 [38.00, 40.00]
Gestational week
missing, n (%) 50(1.7) 43 (1.6) 7(2.6)
- 2.00[1.00, 4.00] 2.00[1.00, 3.00] 3.00[2.00, 4.00]
Number of pregnancies
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
- 2.00[1.00, 3.00] 2.00[1.00, 3.00] 2.00[2.00, 3.00]
Number of labors
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Public location no 2,809 (93.6) 2,564 (93.7) 245 (91.8)
yes 193 (6.4) 171 (6.3) 22(8.2)
missing, n (%) 30(1.0) 27 (1.0) 3(1.1)
Multipara no 873 (29.4) 820 (30.3) 53(20.1)
yes 2,099 (70.6) 1,888 (69.7) 211 (79.9)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Complications during pregnancy no 2,468 (82.2) 2,246 (82.1) 222 (83.1)
yes 534 (17.8) 489 (17.9) 45(16.9)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Medical care during pregnancy no 197 (6.6) 172 (6.3) 25(94)
yes 2,805 (93.4) 2,563 (93.7) 242 (90.6)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Stage of labor | 2,655 (88.4) 2,643 (96.6) 12 (4.5)
Il 347 (11.6) 92 (3.4) 255(95.5)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Bleeding no 2,741 (91.3) 2,491 (91.1) 250 (93.6)
yes 261 (8.7) 244 (8.9) 17 (6.4)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Any fetal movement problem no 2,941 (98.0) 2,677 (97.9) 264 (98.9)
yes 61 (2.0) 58(2.1) 3(1.1)
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Amniotic fluid status rupture of membranes 1,525 (50.8) 1,271 (46.5) 254 (95.1)
preserved 1,477 (49.2) 1,464 (53.5) 13 (4.9
missing, n (%) 0(0.0) 0(0.0) 0(0.0)
Comorbidities present no 2,655 (88.4) 2,416 (88.3) 239 (89.5)
yes 347 (11.6) 319(11.7) 28(10.5)
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Table 1. Characteristics of the study population before imputation - cont.

Variable
missing
Gestational diabetes, n (%) no
yes
missing
Gestational hypertension, n (%) no
yes

0(0.0) 0(0.0) 0(0.0)
2,849 (94.9) 2,593 (94.8) 256 (95.9)
153 (5.1) 142 (5.2) 11 4.1)
0(0.0) 0(0.0) 0(0.0)
2,942 (98.0) 2,683 (98.1) 259 (97.0)
60 (2.0) 52(1.9) 8(3.0)

No prehospital birth

Prehospital birth

Quantitative variables are presented as median [Q1-Q3] and categorical variables as n (%).

Maternal age in the overall cohort had a median of
29 years (interquartile range (IQR): 23-34), with slightly
higher median values observed in the prehospital birth
group. Gestational age at delivery was similar across out-
come strata, with a median of 39 weeks in all groups.

Vital signs — including respiratory rate, oxygen satura-
tion, systolic and diastolic blood pressure, and heart rate
— showed comparable central tendencies across outcome
categories. Missing data were present for several physiologi-
cal measurements, most notably blood pressure variables
and heart rate, while blood glucose concentration exhib-
ited a high proportion of missing values (approx. 80%),
reflecting the selective availability of this measurement
in the source data. The extent of missingness for each vari-
able is explicitly reported overall and by outcome group.

Obstetric history variables indicated a median of 2 preg-
nancies and 2 deliveries in the overall cohort, with higher
parity more frequently observed among cases with prehos-
pital birth. The majority of births occurred in non-public
locations, and most women were classified as multiparous.
Complications during pregnancy and comorbid conditions
were reported in a minority of cases, with similar distribu-
tions across outcome strata.

Regarding intrapartum characteristics, the 1% stage of la-
bor predominated in the group without prehospital birth,
whereas the 2" stage of labor was more common among cases
with prehospital birth. Bleeding events and fetal movement
problems were relatively infrequent in the overall population.

Table 2. Performance metrics of the evaluated machine learning (ML) models

Amniotic fluid status differed markedly between outcome
groups, with rupture of membranes more frequently re-
corded among prehospital births. Gestational diabetes and
gestational hypertension were uncommon in the cohort and
showed comparable frequencies across outcome categories.

All variables presented in Table 1 are based on observed,
non-imputed data. Missing values are reported explicitly
to reflect the structure and completeness of the underlying
registry. No statistical hypothesis testing was performed
for between-group comparisons, as the purpose of this
table is to provide a descriptive overview of the study popu-
lation rather than to infer associations.

Model performance

Across fivefold cross-validation, substantial discrimi-
natory performance was observed for several evaluated
models (Table 2). Penalized logistic regression with elastic
net regularization (logreg_en) demonstrated consistently
high discrimination, with fold-specific ROC-AUC values
ranging from 0.95 to 0.99. Measures of overall probabilistic
accuracy were favorable, as reflected by low log loss and
Brier scores. The number of features retained in the final
model was stable across folds (n = 21), suggesting robustness
of the selected predictor set. The SVC-RBF achieved simi-
larly high ROC-AUC values (approx. 0.96—0.98) and com-
petitive PR-AUC values. However, compared with logistic
regression, the SVC-RBF model exhibited less favorable

log loss
mean SD
logreg_en 0.970 0.015 0.805 0.041 0.036 0.015 0.131 0.047 0.971 0.007
rf 0.972 0.010 0.826 0.035 0.026 0.003 0.113 0.020 0.971 0.006
svc_rbf 0.973 0.009 0.803 0.036 0.029 0.005 0.107 0.018 0.968 0.006
knn 0.842 0.061 0.559 0.109 0.059 0.006 0.661 0.225 0.807 0.087
gnb 0.971 0.009 0.792 0.055 0.034 0.007 0415 0.084 0.964 0.009

Values are reported as mean + standard deviation (SD) across five-fold cross-validation. Model discrimination was assessed using the area under

the receiver operating characteristic curve (AUC) and the area under the precision-recall curve (PR-AUC). Probabilistic calibration was evaluated using
the Brier score and logarithmic loss (log loss). Classification accuracy (ACC) was computed using fold-specific decision thresholds optimized with

the Youden index. Detailed fold-level performance metrics and hyperparameter configurations are provided in Supplementary Table 2.

logreg_en - penalized logistic regression with elastic net regularization; rf — random forest; svc_rbf — support vector classifier with radial basis function
kernel; knn — k-nearest neighbors; gnb — Gaussian naive Bayes.



calibration metrics (higher log loss and Brier score) and
greater variability in optimal decision thresholds across
folds, indicating reduced stability of probability estimates.

Gaussian naive Bayes also showed high discrimination;
however, calibration-related metrics were inferior, with
wide variation in fold-specific decision thresholds, sug-
gesting limited reliability of predicted probabilities despite
good ranking performance. The KNN model demonstrated
clearly inferior and unstable performance across all evalu-
ated metrics and was therefore considered unsuitable for
further interpretation.

Overall, penalized logistic regression provided the most
favorable balance between discrimination, calibration, and
stability and was selected as the primary model for subse-
quent interpretability analyses. Full fold-level results for
all evaluated models and hyperparameters used in tuning
are provided in Supplementary Table 1.

Feature selection was embedded within the modeling
framework via elastic net regularization applied to the final
design matrix (including one-hot encoded categorical vari-
ables). The set of candidate variables was specified a priori;
therefore, predictors were not removed from the model-
ing pipeline across folds. Instead, the elastic net penalty
performed coefficient shrinkage and, in the final refitted
model, set several coefficients exactly to 0 (§ = 0), effec-
tively removing their contribution to predictions while
retaining them in the model matrix. This indicates that
predictive performance was not driven by a single nar-
row subset of predictors but rather by a distributed set
of clinically plausible cues, with some variables contribut-
ing negligibly after regularization. The full design matrix
specification is provided in Supplementary Table 2.

Nested cross-validation

The candidate predictor specification was fixed a priori
and remained unchanged across folds; therefore, feature
stability refers to a stable design matrix definition rather
than fold-specific feature inclusion or exclusion. To assess
potential optimism bias related to hyperparameter tun-
ing, nested cross-validation was performed, with an outer
fivefold loop for performance estimation and an inner loop
for model optimization.

Performance estimates obtained from the outer folds
were highly consistent with the results of the primary
cross-validation analysis. To assess potential optimism in-
troduced by fitting preprocessing once prior to cross-vali-
dation, nested cross-validation was additionally performed;
the results remained highly consistent, suggesting minimal
practical impact of this simplification. In particular, penal-
ized logistic regression maintained high discriminatory
performance, with outer-fold ROC-AUC values ranging
from approx. 0.95 to 0.99, and stable calibration metrics
across folds. The relative ranking of the evaluated models
remained unchanged, and no material inflation of perfor-
mance estimates was observed.

). Wach et al. ML and out-of-hospital births

Comparative discrimination performance across
the evaluated models is illustrated by receiver operating
characteristic (ROC) curves based on out-of-fold predic-
tions (Fig. 1). Detailed fold-level nested cross-validation
results and the corresponding hyperparameters are pro-
vided in Supplementary Tables 3 and 4.

Feature importance

Given the primary aim of evaluating whether machine
learning models can reflect clinically intuitive reason-
ing in prehospital obstetric assessment, penalized logis-
tic regression with elastic net regularization was selected
as the primary interpretative model (Fig. 2). This approach
provides direct interpretability in terms of effect direction
and relative magnitude on the log-odds scale, while main-
taining strong predictive performance comparable to that
of more flexible algorithms. The displayed coefficients
represent standardized regression coefficients (f), allow-
ing comparison of the relative contribution of predictors
within a multivariable penalized framework.

To complement this clinically intuitive and transparent
model with a nonlinear perspective, a RF classifier was ad-
ditionally examined (Fig. 3). Random forest achieved similar
discriminatory performance and was used as a nonlinear
robustness check to assess whether a more flexible model
yields a comparable hierarchy of clinically relevant predic-
tors. Feature importance derived from the RF model was
used to evaluate whether a more flexible ensemble method
identifies a similar hierarchy of clinically relevant predic-
tors, despite allowing for nonlinear effects and interactions.

Across both modeling approaches, a highly consistent
pattern of predictor relevance was observed. In both penal-
ized logistic regression (Fig. 2) and RF feature importance
analysis (Fig. 3), the 2" stage of labor emerged as the domi-
nant predictor. This dominance is expected because stage
oflabor captures temporal proximity to delivery, which is in-
trinsically linked to whether birth occurs before hospital
arrival. This finding reflects the clinically intuitive notion
that advanced labor progression is the primary determinant
of whether delivery occurs prior to hospital transport. Am-
niotic fluid status was consistently identified as the 2" most
influential predictor across models, further supporting its
established role in obstetric assessment of labor dynam-
ics. Additional variables — including maternal vital signs,
gestational age, blood glucose level, and obstetric history
— contributed smaller incremental information. This pattern
indicates that model performance was not driven by a single
variable alone but rather by the combined influence of mul-
tiple clinically meaningful cues, each contributing modestly
to risk stratification beyond stage of labor.

Candidate predictors were consistently included across
cross-validation folds; however, elastic-net shrinkage
in the refitted logistic regression model set multiple co-
efficients to exactly zero, resulting in sparse SHAP at-
tributions consistent with the final model structure
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(as discussed later in the text). Similarly, RF feature im-
portance showed a gradual decline beyond the most in-
fluential predictors, without abrupt cut-offs, further sup-
porting the robustness of the identified feature hierarchy.
Permutation-based feature importance was computed for

all evaluated models and summarized as mean + standard
deviation (SD) across cross-validation folds. Results consis-
tently identified the 2" stage of labor and rupture of mem-
branes as the most influential predictors across model-
ing approaches (Supplementary Table 5). Importantly,

Fig. 1. Receiver operating
characteristic (ROC) curves for
evaluated machine learning (ML)
models (out-of-fold predictions).
The ROC curves illustrate

the relationship between

the true positive rate (sensitivity)
and the false positive rate (1

— specificity) for each model
based on out-of-fold predictions
from cross-validation. The area
under the ROC curve (AUC),
shown in the legend, quantifies
discriminative performance;
values closer to 1.0 indicate
superior discrimination.

The diagonal dashed line
represents a classifier with no
discriminative ability (AUC = 0.5)

logreg_en - logistic regression
with elastic net; rf — random
forest; svc_rbf — support vector
classification with radial basis
function kernel; gnb - Gaussian
naive Bayes; knn — k-nearest
neighbors.

Fig. 2. Standardized regression
coefficients () from the elastic
net penalized logistic regression
model. Coefficients indicate

the direction and relative
strength of association between
predictors and the probability
of prehospital birth. Positive
values indicate increased
likelihood, whereas negative
values indicate decreased
likelihood



the reported coefficients and feature importance measures
should be interpreted comparatively rather than causally,
as they reflect associations within multivariable models
trained for prediction rather than for causal inference.

Sensitivity analysis excluding
stage of labor

To evaluate the extent to which model performance
was driven by advanced labor status, a sensitivity anal-
ysis was conducted in which the variable stage of labor
was excluded from model training and evaluation (i.e.,
all one-hot encoded indicators derived from this vari-
able were removed). As expected, overall discriminatory
performance decreased across all evaluated algorithms.
Penalized logistic regression, RF, and GNB nevertheless
retained moderate discriminatory ability (ROC-AUC ap-
prox. 0.75-0.78), indicating that predictive performance
was not solely dependent on this single dominant predictor
but was instead distributed across multiple physiologically
and clinically coherent features.

Comparison of model performance between the full and
restricted specifications demonstrated consistent abso-
lute reductions in ROC-AUC following exclusion of stage
of labor, with decreases of approx. 0.19—0.21 for penalized
logistic regression, RF, and GNB (Supplementary Table 6).
In contrast, the SVC-RBF exhibited a substantially larger
performance decline (AAUC ~ -0.35), suggesting a stron-
ger dependence on advanced labor status. Despite the ob-
served reduction in discrimination, the relative ranking
of models remained broadly consistent with the primary

). Wach et al. ML and out-of-hospital births

Fig. 3. Feature importance scores
from the random forest classifier
(RF), indicating the relative
contribution of predictors

to the classification of prehospital
birth

analysis, and no evidence of model collapse or marked
deterioration in calibration was observed. Together, these
findings support the robustness of the modeling frame-
work and indicate that clinically relevant information be-
yond stage of labor contributes meaningfully to prediction.

Permutation-based importance shift analyses were per-
formed for the 2 primary interpretative models: penal-
ized logistic regression and RF (Supplementary Table 7).
In both models, removal of the stage of labor variable
resulted in a marked reallocation of importance toward
multiple clinically related predictors rather than a col-
lapse of the model structure. This consistent shift across
linear and nonlinear modeling frameworks indicates that
the predictive signal associated with advanced labor status
is not unique but instead reflects an aggregation of physi-
ologically and clinically coherent cues.

SHAP-based explanation
of model predictions

Shapley Additive Explanations analyses were performed
for the 2 final interpretative models (elastic-net penalized
logistic regression and RF) refitted on the full training set,
using a fixed subsample of 200 training observations and
an independent background sample of 200 observations.

In the penalized logistic regression model, SHAP at-
tributions were sparse and aligned with elastic-net
regularization: multiple predictors exhibited exactly
0 coefficients (B = 0) and consequently had SHAP con-
tributions equal to 0 within numerical tolerance under
the applied linear SHAP formulation. The dominant
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predictor was the 2"¢ stage of labor (stage_of_labor_2),
showing the largest absolute SHAP contribution (mean
|SHAP| =~ 0.266) and the largest standardized coefficient
(B = 1.39). Amniotic fluid status was consistently the 2"
most influential factor (mean [SHAP| = 0.220; § ~ —0.440),
followed by smaller contributions from maternal heart
rate (mean |SHAP| =~ 0.062; B ~ 0.084), gestational age
(mean |SHAP| = 0.039; B = 0.044), blood glucose (mean
|SHAP| = 0.026; p =~ 0.020), and parity (number of prior
labors) (mean |[SHAP| ~ 0.010; 3 ~ 0.015) (Table 3).

In the RF model, SHAP contributions showed a similar
hierarchy, with the largest absolute attribution again ob-
served for stage_of_labor_2 (mean |[SHAP| ~ 0.098) and
amniotic_fluid_status_1 (mean |[SHAP| ~ 0.027), while
the remaining predictors contributed smaller incremental
information. Overall, SHAP results provided a decomposi-
tion of the fitted model output that was fully consistent
with the imposed regularization structure and the pri-
mary feature-importance findings, and were interpreted
descriptively as explanations of model predictions rather
than as causal effects (Table 4).

Discussion

The use of ML algorithms in obstetrics and gynecology
has expanded rapidly in recent years, primarily in the con-
text of supporting diagnostic and prognostic decision-mak-
ing. Previous studies have demonstrated the utility of ML-
based models in predicting preterm birth and in the early
identification of intrauterine fetal hypoxia through auto-
mated analysis of cardiotocography (CTG) recordings.2%2!
Additional research has explored the use of ML approaches
for predicting rare but severe outcomes, such as stillbirth,??
as well as for optimizing clinical decision-making related
to cesarean section indication, with potential implica-
tions for resource allocation in highly specialized obstetric
units.?? Collectively, these findings suggest that ML tech-
niques can effectively integrate complex clinical signals
to support time-sensitive obstetric decision-making when
appropriately aligned with clinical workflows.

This study extends prior work on ML-based decision sup-
port in obstetrics to the prehospital emergency care setting,
a context that has been comparatively underrepresented

Table 3. Shapley Additive Explanations (SHAP) analysis results for the penalized logistic regression model

Feature Zero reason

age [years] 200 0 0 0 0 0 zero coef (elastic net) 0

respiratory rate 200 0 0 0 0 0 zero coef (elastic net) 0

saturation [%)] 200 0 0 0 0 0 zero coef (elastic net) 0

systolic blood pressure [mm Hg] 200 0 0 0 0 0 zero coef (elastic net) 0

diastolic blood pressure [mm Hg] 200 0 0 0 0 0 zero coef (elastic net) 0
heart rate [bpm] 200 —-0.017 0.079 0.062 0.052 0.084 nonzero 0.084
glucose [mg/dL] 200 -0.014 0.045 0.026 0.039 0.020 nonzero 0.020
gestational week 200 —0.003 0.059 0.039 0.045 0.044 nonzero 0.044

number of pregnancies 200 0 0 0 0 0 zero coef (elastic net) 0
number of labors 200 <0.001 0.013 0.010 0.009 0016 nonzero 0.016

Logisti; public location 200 0 0 0 0 0 zero coef (elastic net) 0

regression

multipara 200 0 0 0 0 0 zero coef (elastic net) 0

complications during pregnancy: yes 200 0 0 0 0 0 zero coef (elastic net) 0

medical care during pregnancy: yes 200 0 0 0 0 0 zero coef (elastic net) 0
stage of labor: 2 200 —-0.007 0427 0.266 0.332 1.388 nonzero 1.388

bleeding 200 0 0 0 0 0 zero coef (elastic net) 0

any fetal movement problem 200 0 0 0 0 0 zero coef (elastic net) 0
amniotic fluid preserved 200 —-0.002 0.220 0.220 <0.001  -0439 nonzero 0439

comorbidities present 200 0 0 0 0 0 zero coef (elastic net) 0

gestational diabetes 200 0 0 0 0 0 zero coef (elastic net) 0

gestational hypertension 200 0 0 0 0 0 zero coef (elastic net) 0

Values are reported as mean + standard deviation (SD) of SHAP values across a fixed random subsample of training observations (n = 200), together

with the mean +SD of absolute SHAP values. SHAP values quantify the additive contribution of each feature to the model output for the positive class
under the applied preprocessing pipeline. Coefficients (B) are reported only for the elastic-net penalized logistic regression model and correspond

to standardized effects used by the fitted model; = 0 indicates complete shrinkage under regularization. For the random forest model, regression
coefficients are not defined (N/A). SHAP analyses are provided for interpretability and should be interpreted descriptively rather than causally.

N/A - not applicable; n — number of training observations used in the subsample; shap_mean — mean SHAP value; shap_sd - standard deviation of SHAP
values; shap_abs_mean — mean absolute SHAP value; shap_abs_sd - standard deviation of absolute SHAP values; coef - standardized regression
coefficient (); coef_abs — absolute value of the standardized regression coefficient (B3).
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Table 4. Shapley Additive Explanations (SHAP) analysis results for the random forest classifier

Feature shap_

mean

age [years] 200 —0.001

respiratory rate 200 —0.001

saturation [%)] 200 <0.001

systolic blood pressure [mm Hg] 200 -0.001

diastolic blood pressure [mm Hg] 200 <0.001

heart rate [bpm] 200 -0.001

glucose [mg/dL] 200 —0.001

gestational_week 200 <0.001

number of pregnancies 200 <0.001

Random number of labors 200 —0.001
forest public location 200 —0.001
classifier multipara 200 ~0.001
complications during pregnancy 200 —0.001

medical care during pregnancy 200 <0.001

stage of labor 200 —0.002

bleeding 200 —0.001

any fetal movement problem 200 <0.001

amniotic fluid preserved 200 —0.001

comorbidities present 200 <0.001

gestational diabetes 200 <0.001

gestational hypertension 200 <0.001

Shsadp_ sh?:e_::S_ Sl pS_da bS_ coef Zero reason c:sz_
0.003 0.002 0.003 - N/A -
0.004 0.002 0003 - N/A -
0.005 0.002 0.005 - N/A -
0.003 0.002 0.002 - N/A -
0.006 0.002 0.005 - N/A -
0.008 0.005 0.007 - N/A -
0.005 0.003 0.005 - N/A -
0.005 0.003 0.004 - N/A -
0.004 0.002 0.004 - N/A -
0.003 0.001 0.002 - N/A -
0.002 0.001 0.002 - N/A -
0.001 <0001 0001 - N/A -
0.002 <0001 0.001 s N/A -
0.003 <0001 0003 - N/A -
0.159 0.098 0.125 - N/A -
<0001 <0001 <0001 - N/A -
<0001 <0001 <0001 - N/A -
0035 0027 0023 - N/A -
0.002 <0001 0.002 s N/A -
0.001 <0001 0.001 - N/A -
<0001 <0.001 <0.001 - N/A -

Values are reported as mean + standard deviation (SD) of SHAP values across a fixed random subsample of training observations (n = 200), together

with the mean +SD of absolute SHAP values. SHAP values quantify the additive contribution of each feature to the model output for the positive class
under the applied preprocessing pipeline. Coefficients (B) are reported only for the elastic-net penalized logistic regression model and correspond

to standardized effects used by the fitted model; 3 = 0 indicates complete shrinkage under regularization. For the random forest model, regression
coefficients are not defined (N/A). SHAP analyses are provided for interpretability and should be interpreted descriptively rather than causally.

N/A = not applicable; n — number of training observations used in the subsample; shap_mean — mean SHAP value; shap_sd — standard deviation of SHAP
values; shap_abs_mean — mean absolute SHAP value; shap_abs_sd - standard deviation of absolute SHAP values; coef - standardized regression
coefficient (); coef_abs — absolute value of the standardized regression coefficient (B).

in existing research. Emergency medical services operate
under substantial time pressure and with markedly limited
diagnostic resources compared with hospital-based care.
In this environment, clinical priorities focus on rapid pa-
tient stabilization and timely transport, and care is typically
provided by general medical teams without direct access
to obstetric or gynecologic specialists. These constraints
increase uncertainty during labor assessment and may el-
evate the risk of suboptimal triage or transport decisions.?*

The high discriminatory performance observed
in the evaluated models, including the RF classifier (ROC-
AUC up to 0.98), suggests that ML-based approaches may
provide useful decision support in prehospital obstetric
care. Importantly, such systems are not intended to replace
the clinical judgment of paramedics but rather to comple-
ment it by structuring and integrating routinely available
clinical information in time-critical and cognitively de-
manding situations. Prior studies in emergency and acute
care settings have similarly emphasized the potential role
of algorithmic decision-support tools in reducing uncer-
tainty and supporting triage under conditions of stress

and limited diagnostic resources.?* As expected, variables
directly related to the physiology and progression of labor
— particularly stage of labor and rupture of membranes — re-
ceived the highest relative importance across both the RF
and SVC-RBF models. In prehospital settings, the identi-
fication of active labor or ruptured membranes represents
a critical inflection point in obstetric triage, as it strongly
influences decisions regarding transport vs on-scene deliv-
ery. This clinical relevance has been highlighted in previous
observational studies of prehospital and emergency obstet-
ric care, including the work of Eisenbrey et al.>®

Variables directly related to the physiological progression
of labor — most notably stage of labor and rupture of mem-
branes — were assigned the highest relative importance
across both the RF and SVC-RBF models. In prehospital
settings, the identification of active labor or ruptured mem-
branes represents a critical inflection point in obstetric tri-
age, as it strongly influences decisions regarding transport
vs on-scene delivery, a finding consistent with prior observa-
tional studies in emergency obstetric care.?>2¢ Importantly,
although the clinical association between these features and
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imminent delivery is well established, their prominence
in SHAP-based explanations indicates that the models pref-
erentially relied on specific, directly observable indicators
of labor progression rather than on more general physi-
ological measures such as vital signs. This pattern suggests
alignment between model behavior and routine clinical
reasoning, without implying causal interpretation. One
notable finding of this study was the high ranking of blood
glucose levels in feature-importance analyses, exceeding
that of heart rate and respiratory rate. Although blood glu-
cose is routinely assessed in emergency medical services
primarily in the context of diabetic conditions, the models
identified it as an informative predictor of imminent deliv-
ery. This observation is biologically plausible, as maternal
glucose concentrations have been shown to increase with
advancing labor and to peak during the 2™ stage of labor,
reflecting metabolic stress, physical exertion, and catechol-
amine-mediated mobilization of energy substrates.?”?®

In prehospital emergency settings, where detailed obstetric
examination may be limited, blood glucose measured with
a standard glucometer represents an easily obtainable and
objective variable that contributed meaningful predictive
information.? In contrast, general physiological parameters
such as heart rate and respiratory rate, while essential for
overall patient assessment, showed lower relative impor-
tance for predicting imminent delivery.3%3! As demonstrated
in this study, the stage of labor remained the single most
informative predictor; however, a central advantage of ML
models lies in their capacity to integrate multiple comple-
mentary inputs. The combination of labor-related features
with readily available physiological measures, including
blood glucose and heart rate, enabled more informative risk
stratification than reliance on any single parameter alone.?8

Another aspect examined in this study was the contri-
bution of basic vital signs, including blood pressure, heart
rate, and respiratory rate. From a physiological perspec-
tive, these parameters are influenced by labor-related pain,
stress, and physical exertion, which increase metabolic
demand and are commonly accompanied by tachycardia
and tachypnea. Childbirth can therefore be considered
a transient hypermetabolic state requiring rapid cardio-
vascular and respiratory adaptation.?

A study by S6hnchen et al. demonstrated that mater-
nal heart rate during labor may reach levels comparable
to those observed during physical exertion, particularly
during the pushing phase, reflecting the substantial car-
diovascular load associated with childbirth.?? Despite this
well-established physiological response, heart rate and
related vital signs received relatively low predictive weight
in the ML models. This finding likely reflects their limited
diagnostic specificity in prehospital emergency settings,
as tachycardia in parturient patients is a multifactorial
phenomenon that may arise from advanced labor, pain,
anxiety, dehydration, or other nonspecific stressors.

In the analyzed models, variables such as blood pressure,
heart rate, and respiratory rate exhibited characteristics

n

of high-variability features, limiting their ability to reliably
distinguish between imminent delivery and earlier stages
of labor. Consequently, although these vital signs remain
essential for monitoring maternal safety and identifying
potential complications, their contribution to predicting
sudden out-of-hospital birth was comparatively limited.
In contrast, more stable and labor-specific features, such
as stage of labor and amniotic fluid status, provided greater
discriminatory information for prediction, as they are less
influenced by nonspecific stress responses.

The clinical utility of ML models in obstetrics is increas-
ingly dependent on the integration of diverse physiological
and demographic variables. In our study, the model dem-
onstrated high performance despite the absence of mater-
nal body mass index (BMI) and ethnicity data. However,
as emphasized in recent literature, pre-pregnancy BMI
is a critical determinant of labor progression and the risk
of emergency interventions.?* Furthermore, the algorith-
mic fairness debate highlights that clinical tools developed
using ethnically homogeneous populations may exhibit
performance gaps when applied to more diverse cohorts.
In the context of prehospital care, where rapid decision-
making is essential, incorporating these variables could
further enhance the model’s sensitivity in predicting pre-
cipitous labor across different patient profiles.3¢

Although Al-based models show significant potential,
their implementation must consider the risk of overre-
liance, particularly among less experienced clinicians.
Uncritical reliance on algorithmic suggestions — often re-
ferred to as automation bias — may lead to clinical errors
if model outputs are not integrated with a comprehensive
clinical assessment of the patient. Furthermore, the in-
troduction of such tools into prehospital emergency care
raises important medicolegal questions regarding liability
in the event of adverse outcomes.?” Whether legal con-
flict arises from following an erroneous Al recommenda-
tion or from ignoring a correct one remains a complex
challenge for future regulatory frameworks. Therefore,
these tools should be clearly defined as clinical decision
support systems (CDSS) that provide additional informa-
tion rather than definitive instructions, ensuring that
the ultimate clinical and legal responsibility remains with
the healthcare professional. Recent studies emphasize that
the deployment of Al in high-stakes environments such
as EMS must address the risk of automation bias, par-
ticularly in contexts where clinicians may rely excessively
on algorithmic outputs. This issue is especially relevant
in obstetrics, where medicolegal liability remains a major
concern for practitioners.383°

The results of our study indicate substantial potential
for the application of ML models in prehospital obstetric
care. It should be emphasized that the proposed approach
is not intended to replace the clinical decision-making au-
tonomy of healthcare professionals, but rather to function
as a CDSS within the prehospital care environment. A key
advantage of the model is its ability to integrate multiple
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physiological signals that may be difficult to interpret un-
der conditions of fatigue, stress, and time pressure. Blood
glucose levels emerged as an important marker associated
with labor progression, as they are physiologically related
to metabolic demand, physical exertion, and hormonal
responses during labor. However, because blood glucose
measurements were selectively recorded and exhibited
a high proportion of missing values, their apparent impor-
tance may partly reflect measurement patterns. Therefore,
these findings should be interpreted as predictive rather
than causal. Further research conducted on larger prospec-
tive cohorts is necessary to fully validate the model before
its potential implementation in EMS system.

Limitations of the study

This study has several limitations. First, its retrospective
observational design and reliance on routinely collected
EMS documentation may be subject to incomplete or in-
consistent data recording, which could influence model
performance. Second, the study was conducted within
a single national emergency medical system, potentially
limiting generalizability to other healthcare settings
with different organizational structures, staffing models,
or prehospital obstetric protocols. Third, the high predic-
tive performance observed in this study partly reflects
the inclusion of variables temporally close to the out-
come, such as stage of labor. Although sensitivity analy-
ses demonstrated that meaningful predictive information
persisted after exclusion of these variables, performance
estimates should be interpreted in the context of this
temporal proximity. Fourth, the dataset did not include
information on maternal BMI or gestational weight gain,
as these parameters are generally not recorded in prehos-
pital documentation. Fifth, the study population consisted
predominantly of individuals of European ancestry, which
may limit the generalizability of the model to more diverse
populations. Finally, the models were developed and vali-
dated using internal cross-validation; external validation
in independent and prospective cohorts is required before
clinical implementation can be considered.

Conclusions

Machine learning models trained on routinely collected
prehospital obstetric data demonstrated high discrimi-
natory performance for predicting out-of-hospital birth
events. Importantly, model explanations indicated that
predictions were driven primarily by clinically intuitive
and readily observable indicators of labor progression,
suggesting alignment between model behavior and es-
tablished prehospital obstetric assessment. These find-
ings suggest that ML-based approaches may support pre-
hospital clinical decision-making by integrating multiple
complementary clinical cues under time pressure, without

). Wach et al. ML and out-of-hospital births

replacing clinical judgment. Variables such as blood glu-
cose contributed additional predictive information beyond
general vital signs, highlighting the potential value of in-
corporating easily obtainable physiological measures into
risk stratification. External validation in larger prospective
cohorts is required before clinical implementation can be
considered.
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