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ABSTRACT

Birth complications remain a major contributor to maternal morbidity and
mortality in Indonesia, particularly in referral healthcare facilities where rapid
clinical recognition is required. This single-center retrospective study
developed an explainable Electronic Medical Record (EMR)-based
multiclass classification model to classify the primary childbirth complication
category among women with recorded labor complications at a tertiary
referral hospital. The model was not designed to screen uncomplicated
pregnancies for future complication occurrence. When more than one
diagnosis was recorded, the primary complication documented in the EMR
was used as the single target label, while secondary diagnoses were not
modeled. The study included 10,644 maternal records from 2020 to 2024 at
Margono Soekarjo General Hospital. Predictors were restricted to maternal,
obstetric, clinical, and laboratory variables available at admission or pre-
delivery evaluation before definitive complication classification; variables
potentially occurring after clinical decision-making, such as mode of
delivery, were excluded from model input. The XGBoost algorithm was used
with stratified train-test splitting, SMOTE applied only to the training set, and
SHAP-based interpretation. The model achieved 70% accuracy, a macro F1-
score of 0.65, a weighted F1-score of 0.70, and a macro-AUC of 0.92. These
results indicate promising but moderate preliminary performance, with
weaker classification for hemorrhage and infection. SHAP suggested that the
model relied primarily on metabolic, hemodynamic, inflammatory, and
hematological indicators. External validation, temporal validation,
calibration assessment, and prospective workflow evaluation are required
before clinical implementation.
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1. INTRODUCTION

The Maternal Mortality Ratio (MMR) remains a key indicator of maternal healthcare quality and
continues to pose a major challenge in Indonesia despite a decline over the past few decades. Indonesia's
Maternal Mortality Ratio (MMR) decreased from 450 to 249 per 100,000 live births between 1990 and 2020;
this figure, however, remains above the 2030 Sustainable Development Goals (SDGs) target of 70 per 100,000
live births [1]. Regional disparities and the high burden of obstetric complications indicate that strengthening
the maternal healthcare system remains critically necessary [2],[3]. Hypertensive disorders of pregnancy,
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preeclampsia, postpartum hemorrhage, and infections remain the leading causes of maternal morbidity and
mortality, particularly in tertiary referral healthcare facilities [4],[5]. Most of these complications develop
progressively and require rapid early detection so that clinical interventions can be performed in a timely
manner to prevent more severe conditions [6].

The risk of childbirth complications is multifactorial and influenced by a combination of maternal,
obstetric, physiological, and laboratory factors. Characteristics such as extreme maternal age, high parity, a
history of abortion, multiple pregnancies, blood pressure, nutritional status, and hematological conditions play
significant roles in increasing the risk of maternal and neonatal morbidity [7],[8]. In the context of referral
healthcare services, Margono Soekarjo General Hospital, a tertiary referral hospital with a high volume of high-
risk deliveries, possesses a comprehensive and integrated Electronic Medical Record (EMR) database. The
availability of these routine clinical data provides a valuable opportunity to develop data-driven prediction
systems that support the more systematic early detection of childbirth complications [3],[9].

Machine learning has increasingly been used to support obstetric risk modeling using routinely collected
clinical data. Previous studies have reported models for autoimmune pregnancy complications, hypertensive
disorders, birth asphyxia, postpartum hemorrhage, and preterm birth [10]-[15]. These studies demonstrate the
potential of data-driven approaches for maternal care, although many have focused on a single outcome or have
been developed in settings that differ from Indonesian referral hospitals. The clinical task and deployment
context should therefore be clearly defined before presenting an EMR-based model as a decision-support tool.

The novelty of this study is reflected in four aspects. It uses a large routine EMR dataset from an
Indonesian tertiary referral hospital, reflecting the real-world case mix of high-risk maternal care in a resource-
constrained referral setting. The study frames the problem as a multiclass classification task for the primary
childbirth complication category across six clinically important outcomes rather than as separate single-
outcome models. The model integrates SHAP-based interpretation to examine how the trained classifier uses
routinely available maternal, obstetric, clinical, and laboratory variables. The study also clarifies the potential
EMR integration point as a preliminary classification aid for clinicians reviewing high-risk or symptomatic
parturient women rather than as an autonomous diagnostic system.

XGBoost was selected because it is well suited for structured tabular EMR data, can model nonlinear
interactions among predictors, and includes regularization mechanisms that may reduce overfitting [18], [19].
Its tree-based structure is also compatible with SHAP, which enables transparent post hoc interpretation of
feature contributions [20]. In this study, XGBoost was used as a pragmatic modelling approach for
retrospective EMR data rather than as evidence of clinical deployment readiness.

Accordingly, this study developed an EMR-based XGBoost model to classify the primary complication
category among women with recorded childbirth complications at Margono Soekarjo General Hospital. The
target task was not to predict whether an uncomplicated woman would develop a complication. Instead, the
model assigned one principal label from six categories: hypertension, preeclampsia, infection, premature
rupture of membranes, hemorrhage, and prolonged labor. When multiple diagnoses were present in the EMR,
the primary recorded diagnosis was used as the multiclass target, whereas secondary diagnoses were not
modeled. This design was chosen because the available dataset contained one principal complication label per
analytical case. A multi-label model would be more appropriate in future studies if complete secondary
diagnosis labels become consistently available.

2. METHODS
2.1. Study Design and Location

This study employed an analytical observational approach with a retrospective cohort design based on
secondary EMR data from 2020 to 2024. The study was conducted at Margono Soekarjo Regional General
Hospital, Banyumas, Central Java, a Type A tertiary referral hospital with a high volume of high-risk delivery
cases. The prediction point was defined as the stage at which maternal, obstetric, clinical, and laboratory
information was available from admission or pre-delivery evaluation before definitive complication
classification. All analyses used de-identified secondary EMR data. Ethical approval and institutional
permission for secondary EMR use were obtained before analysis; the ethics approval number should be
completed by the authors before final submission. Direct patient identifiers were removed before data
processing, and the dataset was analyzed only in aggregated form.

2.2. Population and Sample
The initial population consisted of 10,896 delivery records with documented labor-complication
diagnoses in the EMR system during the 2020 to 2024 period. Uncomplicated deliveries were not included in
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the analytical dataset. Therefore, the model should be interpreted as a classifier of the primary complication
type among complicated cases, not as a screening model for predicting whether all high-risk pregnant women
will develop a complication. Inclusion criteria were parturient women with a primary recorded diagnosis of
hypertension, preeclampsia, hemorrhage, infection, premature rupture of membranes, or prolonged labor, and
with relevant maternal, obstetric, clinical, and laboratory information available prior to definitive complication
classification. Records without a usable primary complication label, duplicated records, incomplete essential
predictors, or inconsistent clinical information were excluded. After selection, validation, and cleaning, 10,644
cases were retained as the final analytical dataset.

Data cleaning included format standardization, duplicate checking, consistency evaluation, and missing-
value handling according to variable type. Observations without a primary outcome label were excluded
because they could not be used in supervised multiclass learning. Numerical missing values were handled using
median imputation, whereas categorical missing values were retained using a constant “Missing” category to
avoid unnecessary case deletion. Target classes with extremely small observation counts were removed before
splitting to preserve stratified sampling validity. The analytical flow from the original EMR extraction to the
final modelling dataset is summarized below in Table 1.

Table 1. Data Cleaning Flow and Analytical Dataset Derivation

Stage Description Number of
Records
Initial EMR extraction Delivery records with documented labor-complication diagnoses 10.896
during 2020 to 2024
Excluded during selection, Records removed because of missing primary label, duplicated 252
validation, and cleaning entries, incomplete essential predictors, or inconsistent clinical
information
Final analytical dataset Records retained for multiclass modelling 10.644
Training set before SMOTE | Stratified 80% split used for model training and resampling 8.515
Held-out test set Stratified 20% split preserved without SMOTE 2.129
Training set after SMOTE Oversampled training set used only for model fitting 13.836

2.3. Research Variables

Predictor variables were derived from routine EMR data and grouped into maternal, obstetric, clinical,
and laboratory domains. Maternal variables included age, education, and occupation. Obstetric variables
included gravidity, parity, history of abortion, gestational age, fetal presentation, and pregnancy type. Clinical
variables consisted of systolic blood pressure, diastolic blood pressure, and body mass index (BMI). Laboratory
variables included hemoglobin level, white blood cell count, and platelet count. Variables were selected only
if they were available at admission or during the pre-delivery evaluation before definitive complication
classification. Mode of delivery was not used as a model predictor because it may occur after clinical decision-
making and could introduce temporal leakage.

Table 2. Predictor Availability, Timing of Measurement, and Leakage Control

count

during admission or pre-
delivery evaluation

Domain Variables Timing of Measurement Leakage Control
Maternal Age, education, occupation Registration or admission Auvailable before
record complication classification
Obstetric Gravidity, parity, abortion history, gestational | Antenatal history or Included only when
age, fetal presentation, type of pregnancy admission/pre-delivery documented before
assessment definitive complication label
Clinical Systolic blood pressure, diastolic blood Admission or pre-delivery Used as pre-classification
pressure, BMI clinical assessment clinical information
Laboratory Hemoglobin, white blood cell count, platelet | Initial laboratory examination Used only when available

before definitive
complication classification

Derived features

MAP, PP, anemia, leukocytosis,
thrombocytopenia, leukocyte-to-platelet
ratio, hemoglobin-to-platelet ratio

Calculated from the variables
above

Derived only from pre-
classification predictors

Excluded from
model input

Mode of delivery and other post-decision
variables

After clinical decision-making
or delivery process

Excluded to reduce temporal
leakage

Feature engineering was performed through text cleaning, format standardization, categorical
transformation, and the creation of clinically derived features. Occupation was simplified into major categories,
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education was transformed into an ordinal scale, and gestational age was converted into preterm, term, and
postterm categories. BMI was classified into nutritional status categories, whereas laboratory parameters were
transformed into indicators such as anemia, leukocytosis, and thrombocytopenia. Mean arterial pressure
(MAP), pulse pressure (PP), the leukocyte-to-platelet ratio, and the hemoglobin-to-platelet ratio were
calculated from variables available before the prediction point. These derived features were used to strengthen
the representation of maternal hemodynamic, inflammatory, and hematological profiles without using post-
diagnosis variables.

2.4. Research Stages

Figure 1 illustrates the study workflow, beginning with the extraction of secondary EMR data from
Margono Soekarjo General Hospital for the 2020 to 2024 period. The workflow included data selection,
cleaning, standardization, variable transformation, and feature engineering. The dataset was then divided into
training data (80%) and held-out test data (20%) using stratified splitting to preserve the proportion of each
primary complication category. The test set was kept unchanged throughout the analysis to maintain an
objective estimate of model performance under realistic class distribution.

SMOTE was applied only after train-test splitting and only to the training data. This procedure was used
to improve representation of minority classes during model fitting while preventing synthetic samples from
leaking into the held-out test set. The XGBoost multiclass classifier was trained on the resampled training data
and evaluated on the original test data. Model interpretation was conducted using SHAP to examine how the
trained model used predictor variables. The resulting system should be interpreted as a preliminary EMR-based
classification aid that requires temporal validation, external validation, calibration assessment, and prospective
workflow evaluation before clinical use.
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Fig. 1. Research Workflow of Multiclass Prediction Model Development

2.5. Development of the XGBoost Model

XGBoost was applied as a tree-based gradient boosting classifier for six-class prediction using structured
EMR variables because of its strong predictive capability for multiclass classification and structured tabular
data [22], [23]. The model was trained with a multiclass soft-probability objective so that each case received a
probability score for each complication category, and the final predicted label was assigned to the class with
the highest probability. Model development used the training set only, with categorical encoding, imputation,
SMOTE-based resampling, and hyperparameter tuning performed within the training workflow. The tuned
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hyperparameters included the learning rate, number of estimators, maximum tree depth, subsampling ratio,
column subsampling ratio, minimum child weight, gamma, and L1/L2 regularization. A fixed random seed
was used to support reproducibility.

In this study, the multiclass label represented the primary recorded complication. The model therefore
classified one principal category per case rather than estimating multiple simultaneous complications. This
choice was made because the available analytical dataset provided one primary label for each record. If future
EMR extraction provides complete secondary diagnosis labels, a multi-label modeling strategy should be
considered.

The choice of XGBoost was based on its suitability for tabular clinical data, its capacity to model
nonlinear relationships, and its compatibility with SHAP-based interpretation. The model should not be
interpreted as clinically deployable solely based on retrospective performance. Additional temporal validation,
external validation, and calibration are needed to determine its generalizability and clinical reliability.

2.6. Model Performance Evaluation

Model performance was evaluated on the original held-out test set using accuracy, precision, recall, F1-
score, the confusion matrix, the ROC curve, and AUC, which are widely recommended for evaluating
imbalanced multiclass machine learning models in medical applications [25]-[27]. Macro-average and
weighted-average scores were reported to distinguish balanced class-level performance from performance
influenced by majority classes, providing a more comprehensive assessment of multiclass classifier
performance [29]. This distinction is important because the dataset contains imbalanced complication
categories.

ROC-AUC was interpreted cautiously because AUC may remain high even when recall or the F1-score
is modest in imbalanced clinical datasets. Likewise, the confusion matrix provides complementary information
by revealing class-specific misclassification patterns that cannot be captured by summary performance metrics
alone [28]. Class-wise precision, recall, F1-score, the confusion matrix, and the Precision-Recall curve were
used as complementary evaluation metrics [21]. Calibration analysis and confidence intervals were not
available in the current manuscript and should be included in future validation work using retained prediction
probabilities.

The evaluation focuses on preliminary discriminatory performance rather than clinical readiness. A model
intended for maternal care implementation would require prospective testing, calibration assessment, decision-
curve analysis, and workflow evaluation involving obstetricians and midwives.

2.7. SHapley Additive exPlanations (SHAP)

SHAP was used as a post hoc interpretability method to explain how the trained XGBoost model used
predictor variables through Shapley-based feature attribution, enabling transparent interpretation of model
behavior [32]. SHAP values were computed on the held-out test set following recent studies combining
XGBoost with explainable artificial intelligence for clinical prediction [33]. Because the model was multiclass,
SHAP explanations were interpreted in a class-specific manner for each complication category, and global
importance was summarized using the mean absolute SHAP value across test-set observations. The waterfall
plot was interpreted as an individual, class-specific explanation for the predicted category. SHAP values
describe model behavior and feature contribution patterns; they should not be interpreted as evidence of causal
clinical effects.

3. RESULTS AND DISCUSSION
3.1. Dataset Description

The final analytical dataset consisted of 10,644 cases of parturient women with one primary recorded
labor-complication category: hypertension, infection, premature rupture of membranes, hemorrhage,
prolonged labor, or preeclampsia. Because uncomplicated deliveries were not included, the results should be
interpreted as classification of primary complication categories among documented complicated cases. The
data distribution varied across classes, indicating class imbalance in the original dataset and reflecting the
uneven prevalence of complication categories in referral-hospital EMR data.

After data selection, standardization, transformation, and feature engineering, the dataset produced 41
final features representing maternal, obstetric, clinical, laboratory, and derived physiological indicators.
SMOTE was applied only to the training set, producing 13,836 observations in the resampled training data,
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while the 2,129 test cases retained their original distribution. This approach allowed the model to learn from a
more balanced training set while preserving realistic evaluation conditions in the held-out test set.

3.2. Performance of the XGBoost Multiclass Model

The XGBoost multiclass model achieved an overall accuracy of 70%, with a macro F1-score of 0.65 and
a weighted F1-score of 0.70. These values indicate preliminary and moderate classification performance rather
than clinical readiness. The difference between the macro-average and weighted-average results indicates that
the model performed better for classes with stronger representation, whereas minority or clinically
heterogeneous classes remained more difficult to classify. Model interpretation should not rely on accuracy
alone.

Table 3. Results of the Performance Evaluation of the Model for Classifying Primary Childbirth
Complication Categories

Type of Complication Precision Recall F1-Score Number of Data Points (n)
Hypertension 0.63 0.75 0.69 494
Infections 0.49 0.62 0.55 86
Premature Rupture of 071 068 0.70 285
Membranes

Bleeding 0.50 0.47 0.49 123
Prolonged Labor 0.75 0.70 0.72 576
Preeclampsia 0.80 0.72 0.75 565
Model Accuracy - - 0.70 2,129
Macro Average 0.65 0.66 0.65 2,129
Weighted Average 0.70 0.70 0.70 2,129

The best performance was observed for preeclampsia, with a precision of 0.80, a recall of 0.72, and an
Fl-score of 0.75, followed by prolonged labor with an F1-score of 0.72 and premature rupture of membranes
with an F1-score of 0.70. These categories may have more consistent clinical patterns or stronger representation
in the dataset. Performance was lower for infection (F1-score 0.55) and hemorrhage (F1-score 0.49). These
lower scores are clinically important because both complications may progress rapidly and require timely
intervention. The limited performance in these categories indicates that the current model should not be
considered a reliable standalone clinical support tool for these outcomes.

A recall of 0.62 for infection indicates moderate sensitivity, whereas a precision of 0.49 suggests a
substantial number of false-positive predictions. A hemorrhage F1-score of 0.49 and a recall of 0.47 indicate
limited sensitivity and unstable classification. These findings may reflect smaller class sizes, the heterogeneity
of clinical manifestations, overlap with other systemic conditions, and the limited ability of routine variables
to capture acute bleeding dynamics. Future modeling should consider additional predictors, improved
phenotyping, temporal features, and class-specific threshold optimization.
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Fig. 2. Confusion Matrix Heatmap of Childbirth Complication Prediction Model
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The confusion matrix shown in Figure 2 illustrates overlapping prediction patterns across the
complication categories. Hypertension and preeclampsia may be misclassified because both are influenced by
related hemodynamic profiles, whereas infection and hemorrhage may overlap with systemic physiological
responses that are not fully differentiated by routine laboratory variables alone. These results support the
feasibility of EMR-based classification but also demonstrate that additional validation and model refinement
are necessary before clinical implementation.

3.3. ROC Curve and AUC Analysis

ROC curves and AUC were used to evaluate discriminatory ability across complication categories and to
assess the ranking performance of the classifier across different decision thresholds [30], [31]. The ROC curves
in Figure 3 were above the diagonal reference line, indicating that the model demonstrated useful
discrimination across varying thresholds. AUC was not interpreted as sufficient evidence of clinical reliability
because imbalanced multiclass medical data may produce high AUC values despite modest F1-scores, recall,
or precision for minority classes.

The AUC values for each complication category ranged from 0.90 to 0.94, with a micro-average AUC of
0.93 and a macro-average AUC of 0.92. These values suggest strong ranking ability but should be interpreted
alongside the more moderate macro F1-score and the limited performance for hemorrhage and infection. The
discrepancy between the AUC and F1-score indicates that the model can often rank cases correctly but may
still produce suboptimal final class assignments under a fixed threshold or the argmax decision rule.

The Precision-Recall curve in Figure 3 provides additional insight into class performance under data
imbalance. Class-wise PR-AUC, confidence intervals, and calibration metrics were not available in the current
analysis. This limitation reduces the ability to assess probability reliability. Future work should report class-
wise PR-AUC, bootstrapped confidence intervals, calibration plots, expected calibration error, and decision-
curve analysis to support a more clinically meaningful evaluation.

Multi-Class ROC Curve: Complication Detection Performance

=+ Micro-average ROC (AUC = 0.93)

= = Macro-average ROC (AUC = 0.92)
ROC Hypertension (AUC = 0,90)
ROC Infection (AUC = 0.94)
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—— ROC Hemorrhage (AUC = 0.90)

~— ROC Prolonged Labor (AUC = 0.91)

—— ROC Preeclampsia (AUC = 0.93)
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Fig. 3. ROC Curve and Precision—Recall of Childbirth Complication Prediction Model

3.4. Feature Importance Analysis

Feature importance analysis was used to evaluate the relative contribution of each feature to the XGBoost
model. Based on Figure 4, the five features with the highest contribution were BMI, white blood cell count,
hemoglobin-to-platelet ratio (Hb/Platelet), hemoglobin level, and pulse pressure (PP). The term BMI is used
consistently throughout the manuscript to refer to Body Mass Index.
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Top 15 Most Influential Factors (XGBoost Feature Importance)

BMI 8431.000
LEUKOCYTES (uL) 7871.000
HB_TROMBO_RATIO 7857.000
HEMOGLOBIN (g/dL) 7545.000
PULSE PRESSURE 7302.000
LEUKO_TROMBO_RATIO 7222.000
PLATELET COUNT (uL) 6878.000
BLOOD PRESSURE: Systolic 6516.000
AGE (years) 6449.000
BLOOD PRESSURE: Diastolic 6127.000
MEAN ARTERIAL PRESSURE (MAP) 5648.000

PREGNANCY_ORDER | ) T 2795.000

GESTATIONAL AGE || 7 | 2553.000
PARITY 2343.000
EDUCATION_LEVEL 2228.000

0 1000 2000 3000 4000 5000 6000 7000 8000 9000
Importance Score (Relative Importance)

Fig. 4. XGBoost Feature Importance (Top 15 Features)

BMI emerged as the most influential model feature, suggesting that the classifier used maternal nutritional
and metabolic information to differentiate among complication categories. White blood cell count contributed
inflammatory information, whereas hemoglobin and the Hb/Platelet ratio contributed hematological
information related to anemia, oxygen-carrying capacity, bleeding tendency, and hemostatic stability. Pulse
pressure provided hemodynamic information relevant to vascular pressure patterns. These interpretations
describe how the model used these variables and should not be interpreted as causal claims.

Collectively, the feature importance pattern indicates that the model used information from multiple clinical
domains rather than relying on a single predictor. Feature importance reflects predictive contributions within
the fitted model only. It does not establish causal relationships or confirm that modifying these variables would
change the risk of complications. SHAP analysis was therefore used as an additional interpretability method to
examine the direction and magnitude of feature contributions at both the global and individual levels.

3.5. SHAP-Based Model Interpretability

SHAP analysis was performed on the held-out test set to examine how predictor variables contributed to
the trained XGBoost model, consistent with recent explainable Al frameworks developed for clinical prediction
tasks [34]. In the multiclass setting, SHAP values were interpreted by class, and the global summary was based
on mean absolute SHAP values across test-set observations. As shown in Figure 5, BMI, parity, history of
abortion, white blood cell count, gravidity, hemoglobin, MAP, and systolic blood pressure contributed to the
model predictions. These findings indicate that the classifier relied on multidimensional information from
maternal, obstetric, hemodynamic, inflammatory, and hematological domains, consistent with previous
XGBoost-SHAP studies on clinical prediction [35]. The interpretation is limited to model behavior and should
not be considered proof of biological causality.

At the individual level, Figure 6 illustrates a waterfall explanation for one test-set patient predicted as
hypertension. The prediction was driven mainly by systolic blood pressure, diastolic blood pressure, MAP,
BM]I, gestational age, and the Hb/Platelet ratio, while other variables made smaller negative contributions. This
result shows how SHAP can make an individual prediction more transparent. Similar SHAP-based factor
analysis has demonstrated that local feature attribution can improve the interpretability of machine learning
predictions while maintaining clinician oversight during decision-making [36].
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Fig. 6. SHAP Waterfall Plot of Patient 10 — Prediction: Hypertension

In a practical workflow, the model would be positioned as a non-autonomous decision-support component
within the EMR. After a clinician or midwife reviews a high-risk or symptomatic parturient, the system could
display the most likely primary complication category, class probabilities, and SHAP-based feature
contributions. The output should be used to prompt closer clinical review, documentation verification, or
referral prioritization rather than to replace obstetric assessment or determine treatment automatically. Before
clinical implementation, the model requires prospective validation, calibration, usability testing, and
governance procedures to ensure safe integration into clinical practice.

4. CONCLUSION

This study provides preliminary evidence that routine EMR data from a tertiary referral hospital can be
used to develop an explainable multiclass model for classifying six primary childbirth complication categories
among women with documented labor complications. The XGBoost model achieved an accuracy of 70%, a
macro Fl-score of 0.65, a weighted F1-score of 0.70, and a macro-AUC of 0.92. These findings indicate
promising discriminatory performance but only moderate balanced classification performance.

The integration of XGBoost and SHAP improved the transparency of model interpretation by showing
which maternal, obstetric, clinical, laboratory, and derived features contributed to the model predictions. SHAP
explains model behavior rather than causal relationships. The model should therefore be viewed as an
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exploratory and preliminary EMR-based classification tool rather than a clinically ready decision-support
system.

The main limitations of this study include its retrospective single-center design, the exclusion of
uncomplicated deliveries, the use of one primary complication label per case, potential EMR recording bias, a
moderate Fl-score, limited performance for hemorrhage and infection, the lack of temporal and external
validation, the absence of calibration assessment, and the absence of prospective workflow evaluation. Future
research should include multicenter and temporal validation, multi-label modeling when secondary diagnoses
are available, probability calibration, class-wise PR-AUC with confidence intervals, decision-curve analysis,
and prospective evaluation in real maternal care workflows.
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