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Abstract

Background: Persistent postpartum hypertension (PPPH) is a clinically significant complication of hypertensive disorders of preg-
nancy (HDP) that is frequently underrecognized due to high rates of loss to follow-up after hospital discharge. Early pre-discharge risk
stratification represents an important unmet clinical need. This study aimed to develop and internally validate machine learning (ML)
models using exclusively pre-discharge data to predict the risk of PPPH in women with HDP before hospital discharge. Methods: A
secondary analysis of a prospective cohort from the National Hospital of Obstetrics and Gynecology in Hanoi, Vietnam, was conducted.
The primary outcome was PPPH, defined as a systolic blood pressure (SBP) ≥140 mmHg and/or a diastolic blood pressure (DBP) ≥90
mmHg, or ongoing antihypertensive therapy at 6 weeks postpartum. Feature extraction was strictly limited to the period from hospital
admission through 72 hours postpartum. Three ML algorithms were developed: Ridge logistic regression (LR), Random Forest, and eX-
treme Gradient Boosting (XGBoost). Internal validation was performed using a 500-repeat bootstrap framework with Synthetic Minority
Over-sampling Technique (SMOTE) applied within each resampling loop. Model calibration was assessed using the Brier score and cal-
ibration plots, while clinical utility was evaluated via decision curve analysis (DCA). Model interpretability was achieved using Shapley
Additive Explanations (SHAP). Results: PPPH was observed in 39 of 301 women (12.96%). The Random Forest model, incorporating
25 pre-discharge clinical and biochemical features, was selected as the final model based on its superior calibration (Brier score: 0.130;
calibration intercept: −0.794; calibration slope: 0.759; observed-to-expected [O/E] ratio: 0.544) and area under the receiver operating
characteristic curve (AUROC) of 0.638 (95% confidence interval [CI]: 0.632–0.643). To prioritize the identification of women at risk
of PPPH, the decision threshold was set at 0.157, achieving a sensitivity of 80.2% and a negative predictive value (NPV) of 92.5%.
DCA demonstrated that the Ridge LR model provided the greatest net clinical benefit across the 15%–25% threshold probability range.
SHAP analysis identified alanine aminotransferase (ALT), blood urea nitrogen (BUN), and maternal age as the top influential predic-
tors. Conclusions: An ML-based pre-discharge risk-stratification tool for PPPH was developed and internally validated. Although the
current model demonstrated modest discrimination and requires external validation in larger multicenter cohorts, the Random Forest
model produced well-calibrated risk estimates and a high NPV (92.5%), offering a proof-of-concept for individualized pre-discharge risk
stratification and the targeted allocation of postpartum monitoring resources.
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1. Introduction

Hypertensive disorders of pregnancy (HDP) compli-
cate approximately 5%–10% of pregnancies worldwide and
remain a leading cause of maternal morbidity and mortality
[1,2]. The pathophysiological alterations underlying HDP
frequently persist beyond delivery, elevating the risk of
acute maternal complications and long-term cardiovascu-
lar diseases [3,4]. Recent evidence suggests that the onset
of hypertension in women with a history of HDP may oc-
cur much earlier than previously recognized. In a recent
meta-analysis, Giorgione et al. [5] reported that postpar-
tum hypertension was diagnosed within the first 2 years fol-

lowing pregnancy in 468 of 1646 women (28.4%). More-
over, the pooled analysis demonstrated a substantially in-
creased risk of developing postpartum hypertension after
HDP compared with normotensive pregnancies (odds ratio
[OR]: 5.75, 95% confidence interval [CI]: 3.92–8.44; I2 =
49%) [5].

Current clinical guidelines recommend routine blood
pressure reassessment at 6 weeks postpartum [6]. How-
ever, this strategy is severely limited by high rates of loss
to follow-up, delaying the identification of women at high
risk. This critical clinical gap underscores the need for ro-
bust pre-discharge risk-stratification tools [7].
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Machine learning (ML) algorithms have increasingly
demonstrated superior predictive performance over con-
ventional statistical models by capturing complex, high-
order nonlinear interactions in clinical data [8]. Despite
these advances, existing predictive models for postpar-
tum hypertension remain methodologically limited. The
widespread incorporation of post-discharge variables in ex-
isting prediction models introduces target leakage, thereby
artificially inflating estimates of predictive performance
[9]. Furthermore, an overreliance on discriminatory met-
rics, coupled with the inherent “black-box” nature of ad-
vanced algorithms, compromises model calibration and
clinical interpretability, posing a significant barrier to real-
world translation.

Therefore, this study aimed to develop and internally
validate ML models based exclusively on pre-discharge
data for the early prediction and risk stratification of persis-
tent postpartum hypertension (PPPH). In accordance with
the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis-Artificial In-
telligence (TRIPOD-AI) guidelines, the clinical utility of
the models was rigorously evaluated using decision curve
analysis (DCA). Furthermore, model interpretability was
achieved via Shapley Additive Explanations (SHAP) to en-
hance clinical applicability [10,11]. To the best of our
knowledge, this is the first study to develop a ML-based
pre-discharge triage tool for PPPH using exclusively pre-
discharge clinical data in a Vietnamese cohort, addressing
a critical gap in the postpartum surveillance literature for
low- and middle-income settings.

2. Materials and Methods
2.1 Study Design and Setting

This study was conducted as a secondary analysis of
a previously published prospective cohort [12]. The pri-
mary cohort enrolled 336 women with HDP who deliv-
ered at the National Hospital of Obstetrics and Gynecology,
Hanoi, Vietnam, between March and November 2023. De-
tailed descriptions of the study design, data collection pro-
cedures, and primary results have been reported elsewhere
[12]. All study procedures were conducted in accordance
with the Declaration of Helsinki. This study was reported
in accordance with the TRIPOD-AI and the Strengthening
the Reporting of Observational Studies in Epidemiology
(STROBE) guidelines.

2.2 Study Population
Of the 336 women enrolled in the primary prospective

cohort, the present analysis was restricted to 301 women
with new-onset HDP (gestational hypertension, n = 67;
preeclampsia-eclampsia, n = 234). Womenwith preexisting
chronic hypertension (n = 16) or superimposed preeclamp-
sia on chronic hypertension (n = 19) were excluded, as
their postpartum blood pressure trajectories reflect persis-
tent prepregnancy pathophysiology rather than pregnancy-

induced cardiovascular dysregulation (Fig. 1, Ref. [12]).
Eligibility criteria for the primary cohort included women
aged ≥18 years with a confirmed pregnancy at ≥20 weeks
of gestation who were diagnosed with HDP according to
American College of Obstetricians and Gynecologists cri-
teria [6].

Fig. 1. Participant flowchart. Data were derived from the pri-
mary prospective cohort [12]. HDP, hypertensive disorders of
pregnancy; PPPH, persistent postpartum hypertension.

2.3 Study Outcome

The primary outcome was PPPH, defined as a systolic
blood pressure (SBP) ≥140 mmHg and/or diastolic blood
pressure (DBP) ≥90 mmHg, or the ongoing use of antihy-
pertensive therapy, at 6 weeks postpartum. This time point
aligns with current postpartum follow-up guidelines [6] and
captures a critical clinical window for therapeutic interven-
tion. In the primary cohort, the prevalence of PPPH was
12.96% at 6 weeks postpartum and 7.6% at 3 months post-
partum [12].

Prior to hospital discharge, all participants received a
validated home blood pressure monitor (Omron M2 Basic
HEM7120-E; Omron Healthcare, Kyoto, Japan). Standard-
ized training on home blood pressure measurement tech-
niques was provided to each participant and a designated
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family member by trained research staff in accordance with
the Ministry of Health of Vietnam and American Heart As-
sociation (AHA) guidelines [12]. Blood pressure assess-
ment at 6 weeks postpartum was conducted by trained re-
search staff via standardized telephone interview, during
which participants were instructed to report two consecu-
tive morning blood pressure measurements obtained after 5
minutes of seated rest. Women who reported an SBP ≥140
mmHg or DBP ≥90 mmHg, or who reported ongoing use
of antihypertensive medication, were classified as having
PPPH.

2.4 Feature Selection and Timeframe
The feature extraction window was strictly restricted

to the period from hospital admission through 72 hours
postpartum to prevent target leakage and ensure the model’s
applicability as a pre-discharge risk stratification tool. Can-
didate predictors included maternal demographic and ob-
stetric characteristics, admission clinical parameters, bio-
chemical markers of end-organ involvement, and early
postpartum blood pressure trajectories on postpartum days
1 and 3.

2.5 Data Preprocessing and ML Model Development
Data preprocessing and all ML pipelines were exe-

cuted using the tidymodels framework in R (version 4.5.0,
R Foundation for Statistical Computing, Vienna, Austria).
The normality of continuous variables was assessed using
the Shapiro-Wilk test, complemented by visual inspection
of normal Q-Q plots and histograms. Given evidence of
departure from normality (Shapiro-Wilk test, p < 0.05),
continuous variables were summarized as medians with in-
terquartile ranges (Q1–Q3) and compared between groups
using the Mann-Whitney U (Wilcoxon rank-sum) test. Cat-
egorical variables were summarized as frequencies and per-
centages [n (%)]. Pearson’s chi-square test was used when
its assumptions were satisfied, whereas Yates’ continuity-
corrected chi-square test was applied to 2 × 2 tables when
the minimum expected cell frequency was between 1 and
<5. A two-sided p < 0.05was considered statistically signif-
icant. Among the 25 candidate predictors, 24 had complete
data, while missing values occurred exclusively for lactate
dehydrogenase (LDH; 7.3%, 22/301 cases). As no predictor
exceeded the predefined 20% missingness threshold, all 25
predictors were retained for model development. Continu-
ous variables were standardized by Z-score normalization,
and categorical variables were converted to dummy vari-
ables. Predictors exhibiting zero variance were removed
before model development. All data-dependent prepro-
cessing procedures were incorporated into the tidymodels
recipe and estimated exclusively within the training portion
of each bootstrap resampling iteration, with the resulting
preprocessing parameters subsequently applied to the cor-
responding assessment data to prevent information leakage.

Due to the relatively small sample size (n = 301)
and class imbalance (outcome prevalence, 12.96%), a 500-
repeat standard bootstrap resampling framework with re-
placement was employed for internal validation. Optimism
was estimated as the mean difference between the apparent
and bootstrap-validated performance metrics across all 500
resamples. Class imbalance was addressed using the Syn-
thetic Minority Over-sampling Technique (SMOTE) [13].
Three supervisedML algorithmswere developed: Ridge lo-
gistic regression (LR) (incorporating L2 regularization and
splines), Random Forest, and Extreme Gradient Boosting
(XGBoost) [11]. Importantly, both KNN imputation and
SMOTE were implemented exclusively within each boot-
strap resampling iteration to prevent data leakage. To assess
the incremental benefit of oversampling, each algorithm
was additionally trained without SMOTE using identical
preprocessing and validation procedures. These results are
reported in Supplementary 3 for reference. Hyperparam-
eters were optimized via grid search within each bootstrap
resampling loops, with the area under the precision-recall
curve (AUPRC) used as the optimizationmetric. The candi-
date search ranges and final optimal hyperparameter values
for all machine learning models following grid search opti-
mization within the 500-repeat bootstrap resampling frame-
work are detailed in Supplementary 4. Although the nom-
inal events-per-variable (EPV) ratio was 1.56 (39 events
for 25 candidate predictors), we deliberately avoided uni-
variable screening prior to modeling to preserve complex
pathophysiological interactions and prevent selection bias.
Instead, the risk of overfittingwas strictlymitigated through
algorithm-specific embedded regularization and hyperpa-
rameter constraints. Specifically, Ridge LR utilized an L2
penalty, Random Forest applied strict node size and feature
split limitations, and XGBoost was restricted to shallow de-
cision stumps with a conservative learning rate.

2.6 Model Evaluation, Threshold Optimization, and
Interpretability

Discriminatory performance was assessed using the
area under the receiver operating characteristic curve (AU-
ROC) and the AUPRC, with both metrics reported as 95%
CIs derived from the bootstrap distribution. Model cali-
bration was evaluated using the Brier score, calibration in-
tercept (the log-odds intercept from a logistic recalibration
model fitted to the bootstrap-validated predictions), calibra-
tion slope (the corresponding regression coefficient), and
the observed-to-expected (O/E) event ratio. Calibration
was further assessed visually using calibration plots with
LocallyWeighted Scatterplot Smoothing (LOESS) smooth-
ing and 95% CIs. Because SMOTE overrepresents the mi-
nority class during training, it can inflate predicted proba-
bilities. Therefore, out-of-bag predictions were recalibrated
using Platt scaling prior to calibration and clinical utility as-
sessments. The Youden index, which assumes equal clini-
cal costs for false-negative and false-positive classificatio-
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Table 1. Baseline characteristics and clinical trajectories of the study population.
PPPH at 6 Weeks

Patient Characteristics Overall (n = 301) Persistent HTN at 6W (n = 39) Resolved HTN at 6W (n = 262) Test Statistic p-value

Maternal Age (years), Median (Q1–Q3) 31.0 (27.0–35.0) 33.0 (28.0–38.0) 31.0 (27.0–35.0) W = 6003 0.078
Prepregnancy body mass index (BMI) (kg/m2), Median (Q1–Q3) 21.6 (19.9–23.9) 22.5 (19.7–25.5) 21.6 (19.9–23.8) W = 5489 0.455
Gestational Weight Gain (kg), Median (Q1–Q3) 13.0 (10.0–17.0) 12.0 (8.0–15.0) 14.0 (10.0–17.0) W = 4146 0.057
Multiple Pregnancy, n (%) 70 (23.3%) 5 (12.8%) 65 (24.8%) χ2 = 2.73 0.098
Gestational Diabetes Mellitus, n (%) 53 (17.6%) 5 (12.8%) 48 (18.3%) χ2 = 0.71 0.400
History of Preeclampsia, n (%) 27 (9.0%) 6 (15.4%) 21 (8.0%) χ2 = 1.45 0.229
History of Gestational Hypertension, n (%) 31 (10.3%) 6 (15.4%) 25 (9.5%) χ2 = 0.70 0.402
Gestational Age at Admission (weeks), Median (Q1–Q3) 36.1 (33.1–37.4) 33.3 (31.4–36.4) 36.2 (33.3–37.6) W = 3478 0.001
Admission SBP (mmHg), Median (Q1–Q3) 150.0 (150.0–160.0) 160.0 (150.0–170.0) 150.0 (150.0–160.0) W = 6044 0.059
Admission DBP (mmHg), Median (Q1–Q3) 100.0 (90.0–100.0) 100.0 (100.0–110.0) 100.0 (90.0–100.0) W = 6354 0.007
HDP Classification, n (%) χ2 = 0.48 0.488
Gestational Hypertension 67 (22.3%) 7 (17.9%) 60 (22.9%)
Preeclampsia-Eclampsia 234 (77.7%) 32 (82.1%) 202 (77.1%)

Severe Clinical Symptoms, n (%) 42 (14.0%) 11 (28.2%) 31 (11.8%) χ2 = 7.58 0.006
Proteinuria (g/24 h), Median (Q1–Q3) 1.3 (0.3–4.5) 4.0 (0.7–7.4) 1.3 (0.3–4.2) W = 6153 0.039
Creatinine (µmol/L), Median (Q1–Q3) 67.5 (59.1–76.4) 70.2 (63.1–83.9) 67.5 (58.9–76.3) W = 5741 0.213
Blood Urea Nitrogen (BUN) (mmol/L), Median (Q1–Q3) 4.8 (3.7–6.1) 5.5 (4.1–7.6) 4.8 (3.7–6.0) W = 6424 0.010
Aspartate Aminotransferase (AST) (U/L), Median (Q1–Q3) 23.2 (19.3–31.0) 24.9 (20.4–34.1) 23.0 (19.3–30.8) W = 5650 0.286
Alanine Aminotransferase (ALT) (U/L), Median (Q1–Q3) 14.7 (10.4–21.8) 17.8 (14.5–24.7) 14.0 (9.8–21.2) W = 6747 0.001
Lactate Dehydrogenase (LDH) (U/L), Median (Q1–Q3) 205.6 (176.9–256.4) 217.9 (174.2–280.5) 204.4 (178.2–251.0) W = 4815 0.460
Missing data for LDH 22 2 20
Platelet Count (×109/L), Median (Q1–Q3) 197.0 (156.0–232.0) 185.0 (156.0–233.0) 198.0 (155.0–232.0) W = 4981 0.801
Postpartum Day 1 SBP (mmHg), Median (Q1–Q3) 140.0 (130.0–150.0) 140.0 (130.0–153.0) 138.5 (130.0–147.0) W = 6222 0.028
Postpartum Day 1 DBP (mmHg), Median (Q1–Q3) 90.0 (80.0–94.0) 90.0 (80.0–100.0) 90.0 (80.0–91.0) W = 6052 0.060
Postpartum Day 3 SBP (mmHg), Median (Q1–Q3) 126.0 (120.0–136.0) 130.0 (120.0–147.0) 124.0 (120.0–134.0) W = 6689 0.002
Postpartum Day 3 DBP (mmHg), Median (Q1–Q3) 80.0 (78.0–90.0) 85.0 (80.0–94.0) 80.0 (74.0–89.0) W = 6387 0.010
Hypertension on Postpartum Day 3, n (%) 86 (28.6%) 19 (48.7%) 67 (25.6%) χ2 = 8.91 0.003
Mode of Delivery (Cesarean vs. Vaginal), n (%) χ2 = 0.00 1.000
Vaginal Delivery 21 (7.0%) 3 (7.7%) 18 (6.9%)
Cesarean Section 280 (93.0%) 36 (92.3%) 244 (93.1%)

Data are presented as median (Q1–Q3) or n (%). Continuous variables were compared using the Wilcoxon rank-sum test. Categorical variables were compared using Pearson’s χ2 test
(minimum expected frequency≥5) or Yates-corrected χ2 test (1 to <5). W and χ2 denote the corresponding test statistics. Bold values indicate p < 0.05. LDH had 22missing observations
(2 PPPH; 20 resolved); all other variables were complete. Abbreviations: PPPH, persistent postpartum hypertension; HTN, hypertension; BMI, body mass index; HDP, hypertensive
disorders of pregnancy; SBP, systolic blood pressure; DBP, diastolic blood pressure; BUN, blood urea nitrogen; AST, aspartate aminotransferase; ALT, alanine aminotransferase; LDH,
lactate dehydrogenase.
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ns, was considered inappropriate for this high-sensitivity
risk stratification application, in which missed PPPH cases
carry substantially higher clinical consequences than false-
positive predictions. Accordingly, the decision threshold
for the champion model was set to achieve a prespecified
sensitivity of ≥80%. Sensitivity, specificity, positive pre-
dictive value (PPV), negative predictive value (NPV), and
F1 score were calculated at the selected threshold. A confu-
sion matrix was constructed to illustrate the clinical trade-
offs associated with the selected operating point. DCA was
performed to quantify the net clinical benefit across a range
of threshold probabilities, comparing each model against
treat-all and treat-none strategies [14]. Model interpretabil-
ity was achieved using SHAP [10].

3. Results
3.1 Baseline Characteristics and Clinical Trajectories

Of the 336 women enrolled in the primary cohort, 301
met the eligibility criteria for the present analysis (Fig. 1).
PPPH at 6 weeks postpartum was observed in 39 patients
(12.96%). Baseline demographic characteristics, obstetric
history, and clinical parameters stratified by PPPH status
are detailed in Table 1.

Maternal age, prepregnancy body mass index (BMI),
and the distribution of HDP subtypes did not differ signifi-
cantly between the 2 groups. Conversely, women who sub-
sequently developed PPPH exhibited a more severe clinical
profile upon admission. This clinical severity was charac-
terized by a significantly earlier gestational age at admis-
sion (p = 0.001), a substantially higher prevalence of severe
symptoms (p = 0.006), and an elevated admission DBP (p
= 0.007).

Furthermore, biochemical assessments indicatedmore
pronounced end-organ involvement in the PPPH group, as
evidenced by significantly elevated levels of 24-hour pro-
teinuria (p = 0.039), blood urea nitrogen (BUN) (p = 0.010),
and alanine aminotransferase (ALT) (p = 0.001). Dispari-
ties in hemodynamic trajectories remained evident during
the early postpartum period. Postpartum day 1 SBP was
significantly higher in the PPPH group (p = 0.028). Specif-
ically, both SBP and DBP on postpartum day 3 were signif-
icantly higher in women progressing to persistent hyperten-
sion (p = 0.002 and p = 0.010, respectively). Hypertension
on postpartum day 3 was also more prevalent in the PPPH
group (p = 0.003).

3.2 Model Performance and Calibration
All models underwent a 500-repeat bootstrap internal

validation to mitigate optimism bias. Crucially, synthetic
minority oversampling was strictly confined within each
bootstrap resampling loop to prevent data leakage.

Optimism-corrected performance metrics are detailed
in Table 2. Ridge LR exhibited the highest discrimination
(AUROC: 0.648; 95% CI: 0.642–0.654), followed by the
Random Forest model (AUROC: 0.638; 95% CI: 0.632–

0.643) and XGBoost (AUROC: 0.631; 95% CI: 0.625–
0.636). Random Forest was ultimately selected as the final
model due to its superior overall calibration profile, with the
lowest Brier score (0.130), a calibration intercept closest to
zero (−0.794), a calibration slope closest to unity (0.759),
and an O/E ratio of 0.544. These findings reflect the most
accurate agreement between predicted probabilities and ob-
served risks, as supported by the calibration plots (Fig. 2).

To maximize clinical utility as a potential pre-
discharge risk-stratification tool, the decision threshold for
the Random Forest model was set at 0.157, prioritizing
sensitivity over specificity. At this threshold, the model
achieved a sensitivity of 80.2%, a specificity of 35.9%,
a PPV of 15.5%, and an NPV of 92.5% (Table 2). For
comparison, a strategy that classified all patients as low
risk would yield a baseline NPV of approximately 87.0%,
given the event prevalence of 12.96%. As such, the model
provides an absolute NPV improvement of 5.5 percentage
points through individualized risk stratification.

The confusion matrix applied to the primary cohort
(n = 301) is presented in Table 3. Of the 39 PPPH cases,
31 were correctly classified as high-risk (true positives),
whereas 8 were missed (false negatives). The trade-off in-
herent to this high-sensitivity operating point was an ele-
vated false-positive rate, with 168 of 262 women who did
not develop PPPH classified as high-risk, reflecting the low
baseline prevalence of the outcome.

The confusion matrix applied to the primary cohort (n
= 301) is presented in Table 3, illustrating the clinical trade-
offs of the selected threshold on the original unresampled
dataset. Of the 39 PPPH cases, 31 were correctly classified
as high-risk (true positives), whereas 8 were missed (false
negatives). The trade-off inherent to this high-sensitivity
operating point was an elevated false-positive rate, with 168
of 262womenwho did not develop PPPH classified as high-
risk, reflecting the low baseline prevalence of the outcome.

A sensitivity analysis comparing SMOTE versus no-
SMOTE pipelines is presented in Supplementary 3. Mod-
els trained without SMOTE exhibited improved probabilis-
tic calibration relative to the primary SMOTE models, with
calibration intercepts approaching zero (Ridge LR: 0.002;
Random Forest: −0.118) and O/E ratios near 1.0 (1.002 and
0.909, respectively). However, the omission of class imbal-
ance correction substantially reduced sensitivity for detect-
ing the minority class. When evaluated at the Youden index
threshold, the unadjusted Ridge LR, Random Forest, and
XGBoost models achieved sensitivities of 46.6%, 53.2%,
and 62.2%, respectively, all failing to meet the prespecified
threshold of ≥80% for the primary risk stratification mod-
els. These findings confirm that SMOTE was necessary to
achieve adequate sensitivity in this imbalanced cohort, al-
beit at the expected cost of probability inflation requiring
subsequent Platt scaling recalibration.
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Table 2. Optimism-corrected performance of ML models.
Model AUROC (95% CI), p-value AUPRC (95% CI) Brier Score (95% CI) O/E Ratio Calibration intercept Calibration slope Threshold Sens Spec PPV NPV F1 score

Ridge LR (SMOTE) 0.648 (0.517–0.776), p-value < 0.001 0.248 (0.137–0.414) 0.157 (0.143–0.172) 0.374 –1.305 1.434 0.294 0.803 0.331 0.150 0.920 0.252
Random Forest (SMOTE)* 0.638 (0.518–0.745), p-value < 0.001 0.211 (0.119–0.355) 0.130 (0.112–0.152) 0.544 –0.794 0.759 0.157 0.802 0.359 0.155 0.925 0.260
XGBoost (SMOTE) 0.631 (0.513–0.754), p-value < 0.001 0.218 (0.114–0.378) 0.155 (0.137–0.176) 0.398 –1.220 1.191 0.252 0.809 0.344 0.153 0.925 0.257
*Random Forest was selected as the primary model based on its overall predictive performance, including its lower Brier score and calibration characteristics.
AUROC, area under the receiver operating characteristic curve; AUPRC, area under the precision-recall curve; CI, confidence interval; LR, logistic regression; O/E, observed-to-expected; Sens, sensitivity; Spec,
specificity; PPV, positive predictive value; SMOTE, Synthetic Minority Over-sampling Technique; NPV, negative predictive value; ML, machine learning; XGBoost, eXtreme Gradient Boosting.
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Fig. 2. Calibration and clinical utility dashboard of the predictive models. (A) Calibration curves for the Ridge Logistic Regression
(LR), Random Forest, and XGBoost models. The curves display the agreement between the predicted probabilities (x-axis) and the
observed proportions (y-axis), with the shaded areas representing the 95% confidence intervals (CI). The dashed diagonal line represents
perfect calibration. (B) DCA illustrating the smoothed net benefit of the models across a range of threshold probabilities. The models
are compared against the default clinical strategies of treating all patients (solid black line) and treating no patients (solid grey line). LR,
logistic regression; DCA, decision curve analysis; XGBoost, eXtreme Gradient Boosting.

Table 3. Confusion matrix for the final Random Forest model at the high-sensitivity threshold (0.157) applied to the study
cohort (n = 301).

Prediction Actual PPPH (Positive) Actual Resolved (Negative) Total Predicted

Predicted High-Risk (Positive) 31 (True Positive) 168 (False Positive) 199
Predicted Low-Risk (Negative) 8 (False Negative) 94 (True Negative) 102
Total Actual 39 262 301
Note: Cell counts represent the apparent classification performance (raw integer patient counts) on the origi-
nal unresampled dataset (n = 301) to illustrate the concrete clinical patient allocation at the selected operating
point. These raw counts correspond to an apparent sensitivity of 79.5% (31/39) and an apparent NPV of
92.2% (94/102). In contrast, the performance metrics reported in Table 2 represent the optimism-corrected
estimates (sensitivity: 80.2%, NPV: 92.5%) derived from the 500-repeat bootstrap resampling framework to
adjust for overfitting bias. Due to the nature of statistical resampling, these corrected expectations cannot be
mapped back to integer patient counts without generating fractional values.
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Fig. 3. Explainable Artificial Intelligence (XAI) mapping of the final Random Forest model using Shapley Additive Explanations
(SHAP). (A) Global feature importance bar plot ranking the top 15 predictors by their mean absolute SHAP values to illustrate the overall
magnitude of their impact on themodel's output. (B) SHAP beeswarm plot showcasing the directional effect of the top 15 predictors across
all individual patients (n = 301). Each dot represents a single patient's data point, color-coded by the actual clinical feature value from
low (blue) to high (red). Positive SHAP values (x-axis >0) indicate an increased predicted risk of persistent postpartum hypertension at 6
weeks. The remaining 10 low-impact variables are omitted from this visualization for optimal visual clarity (their precise contributions
are detailed in Supplementary 5). Abbreviations: ALT, Alanine Aminotransferase; BUN, Blood Urea Nitrogen; BP, Blood Pressure;
DBP, Diastolic Blood Pressure; SBP, Systolic Blood Pressure; LDH, Lactate Dehydrogenase; SHAP, Shapley Additive Explanations.

3.3 Net Clinical Benefit and Clinical Utility
DCA was used to quantify the net clinical benefit of

the models (Fig. 2B). Across the clinically relevant thresh-
old probability range of approximately 15% to 25%, the
Ridge LRmodel consistently achieved the highest net bene-
fit, outperforming both XGBoost and Random Forest mod-
els. The clinical utility of the Random Forest model de-
clined more rapidly, intersecting the treat-none strategy at a
threshold of approximately 23%. Beyond a 28% threshold,
corresponding to the region of greater statistical uncertainty
reflected in the calibration curves, all models provided min-
imal or no additional net benefit compared with the default
clinical strategies.

3.4 Model Interpretation and Clinical Relevance
SHAP analysis was performed to elucidate the

model’s decision-making process and ensure clinical trans-
parency. The final Random Forest model incorporated the
following pre-discharge variables: ALT, gestational age
at admission, admission SBP, admission DBP, postpartum
day 3 SBP, postpartum day 3 DBP, postpartum day 1 SBP,
postpartum day 1 DBP, hypertension on postpartum day 3,
BUN, proteinuria (g/24 h), severe clinical symptoms, his-
tory of preeclampsia, history of gestational hypertension,
gestational weight gain, pre-pregnancy BMI, maternal age,
platelet count, creatinine, LDH, AST, mode of delivery,
multiple pregnancy, gestational diabetes mellitus, and HDP
subtype classification.

As shown in Fig. 3A, the global feature importance
ranking identified ALT, BUN, maternal age, LDH, and
postpartum day 3 SBP as the five most influential predic-
tors. The SHAP beeswarm plot (Fig. 3B) further delin-
eated the direction and magnitude of these features on indi-
vidual risk estimates. Higher values of markers of hepatic
and renal injury (ALT, BUN), elevated LDH, advanced ma-
ternal age, and elevated postpartum blood pressure param-
eters consistently yielded positive SHAP values, directly
escalating the predicted risk of PPPH. Conversely, earlier
gestational age at admission was strongly associated with a
greater predicted risk of PPPH.

4. Discussion
In this study, we developed and internally validated a

pre-discharge triage tool to predict PPPH in women with
new-onset HDP. By restricting all predictors to the 72-
hour pre-discharge window, we eliminated target leak-
age, which frequently compromisesmodels that incorporate
post-discharge variables [9]. Although overall discrimina-
tion was modest (AUROC range 0.631–0.648), we strate-
gically prioritized superior model calibration, as evidenced
by the lowest Brier score (0.130), the calibration intercept
closest to 0 (−0.794), and the calibration slope closest to 1.0
(0.759) achieved by the Random Forest model [15]. Accu-
rate calibration ensures that predicted probabilities reflect
real-world risks, an essential prerequisite for personalized
clinical decision-making.
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The predictive features identified by SHAP are
strongly consistent with the established pathophysiology of
HDP. The ML framework autonomously prioritized ele-
vated hepatic enzyme levels (ALT), markers of renal end-
organ involvement (BUN), advanced maternal age, and el-
evated postpartum blood pressure trajectories (day 3 SBP).
Biologically, elevated ALT reflects hepatic endothelial dys-
function [16], elevated BUN indicates renal involvement
and reduced glomerular filtration characteristic of severe
HDP, elevated LDH reflects systemic hemolysis and en-
dothelial injury, and persistently elevated postpartum blood
pressure on day 3 directly predicts failure of cardiovascular
normalization following delivery [17,18]. Advanced ma-
ternal age further increases cardiovascular risk through age-
related reductions in vascular compliance and endothelial
reserve. The algorithm’s capacity to independently cap-
ture these complex, nonlinear biological patterns supports
its clinical plausibility.

The practical utility of these models was confirmed
by DCA. Within the clinically relevant threshold probabil-
ity range of 15%–25%, the Ridge LR model achieved the
highest net clinical benefit, outperforming both XGBoost
and Random Forest, as well as the default treat-all and treat-
none strategies [14]. At the selected threshold of 0.157, the
Random Forest model achieved an NPV of 92.5%, repre-
senting a 5.5 percentage point improvement over the no-
model baseline of 87.0%. This performance enables indi-
vidualized risk stratification rather than a uniform monitor-
ing approach for all patients. Consequently, this mecha-
nism supports the strategic reallocation of limited clinical
resources toward intensive monitoring and early pharma-
cological intervention for high-risk individuals.

The AUPRC values (0.211–0.248) represent a mean-
ingful improvement over the no-skill baseline of approxi-
mately 0.13, consistent with the inherent challenge of pre-
dicting a heterogeneous outcome in a small, imbalanced
cohort with 39 outcome events. Future studies incorpo-
rating larger sample sizes and additional candidate predic-
tors, such as angiogenic biomarkers, which have recently
demonstrated significant peripartum kinetic alterations in
gestational hypertension [19], or abbreviated urine pro-
tein quantification [20], may further improve discrimina-
tory performance.

Limitations

This study has several limitations. First, the single-
center design and modest sample size (n = 301, includ-
ing 39 outcome events) limit the generalizability of find-
ings to broader and more diverse clinical settings. While
this small number of events yielded a low nominal EPV ra-
tio, modern ML frameworks rely on algorithmic regular-
ization rather than strict EPV thresholds to prevent overfit-
ting. Furthermore, our SHAP analysis confirmed that the
model's predictive engine is highly parsimonious; clinical
predictions are predominantly driven by a core subset of

5 to 10 features. This results in a robust effective clini-
cal EPV (e.g., 39 events for the top 5 features = 7.8) that
exceeds traditional safety thresholds and supports practical
bedside feasibility. Second, ascertainment of the 6-week
outcome through telephone interviews rather than in-person
measurements may have introduced self-reporting or mis-
classification bias. To optimize data quality, all partici-
pants received a validated home blood pressure monitor at
no cost, supplemented by structured follow-up conducted
by trained research staff. Although these measures likely
improved participant retention and data completeness, fu-
ture protocols would benefit from incorporating scheduled,
in-person clinical assessments. Third, the bootstrap valida-
tion framework provides only internal validation; therefore,
overfitting cannot be fully excluded despite optimism cor-
rection. Fourth, the predictive model was developed using
a limited set of pre-discharge variables, whereas PPPH is a
complex endocrine and hemodynamic process that is likely
influenced by additional factors not captured in this dataset.
External validation across larger, multicenter cohorts is re-
quired before this risk stratification tool can be considered
for integration into routine clinical practice. Fifth, our pre-
dictive modeling was restricted to the 6-week postpartum
period. Although 3-month follow-up data were available
(event rate, 7.6%), modeling this later endpoint was not sta-
tistically feasible due to the extreme class imbalance and the
failure to meet acceptable EPV thresholds, which would in-
evitably induce severe model overfitting.

5. Conclusions
This study developed and internally validated an

ML-based pre-discharge risk stratification framework for
PPPH in women with new-onset HDP. Although the cur-
rent model demonstrated modest discrimination (AUROC:
0.638) and required external validation in larger, multi-
center cohorts before clinical implementation, the Random
Forest model exhibited a well-calibrated risk profile, with
SHAP analysis identifying ALT, BUN, and maternal age
as the primary predictors. The NPV of 92.5% at the se-
lected high-sensitivity threshold, representing an absolute
improvement over the no-model baseline, supports the po-
tential utility of this proof-of-concept framework for indi-
vidualized pre-discharge risk stratification and the targeted
allocation of postpartummonitoring resources toward high-
risk individuals.
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