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Abstract

Objective: To predict a woman’s risk of postpartum hemorrhage at labor admission using
machine learning and statistical models.

Methods: Predictive models were constructed and compared using data from 10 of 12 sites in the
U.S. Consortium for Safe Labor Study (2002-2008) that consistently reported estimated blood
loss at delivery. The outcome was postpartum hemorrhage, defined as an estimated blood loss
>1,000 mL. Fifty-five candidate risk factors routinely available on labor admission were
considered. We used logistic regression with and without lasso regularization (lasso regression) as
the two statistical models and random forest and Extreme Gradient Boosting as the two machine
learning models to predict postpartum hemorrhage. Model performance was measured by C
statistics (i.e., concordance index), calibration, and decision curves. Models were constructed from
the first phase (2002-2006) and externally validated (i.e., temporally) in the second phase (2007—
2008). Further validation was performed combining both temporal and site-specific validation.

Results: Of the 152,279 assessed births, 7,279 (4.8%, 95% CI 4.7 to 4.9) had a postpartum
hemorrhage. All models had good to excellent discrimination. The Extreme Gradient Boosting
model had the best discriminative ability to predict postpartum hemorrhage (C statistic: 0.93; 95%
Cl: 0.92 to 0.93) followed by random forest (C statistic: 0.92; 95% CI: 0.91 to 0.92). The lasso
regression model (C statistic: 0.87; 95% CI: 0.86 to 0.88) and logistic regression (C statistic: 0.87;
95% CI: 0.86 to 0.87) had lower but good discriminative ability. The above results held with
validation across both time and sites. Decision curve analysis demonstrated that while all models
provided superior net benefit when clinical decision thresholds were between 0 to 80% predicted
risk, the Extreme Gradient Boosting model provided the greatest net benefit.
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Conclusion: Postpartum hemorrhage on labor admission can be predicted with excellent
discriminative ability using machine learning and statistical models. Further clinical application is
needed, which may assist health care providers to be prepared and triage at risk women.

PRECIS

Postpartum hemorrhage can be predicted on labor admission with excellent discriminative ability
using both machine learning and statistical models.

INTRODUCTION

Postpartum hemorrhage is the primary source of maternal morbidity and mortality
worldwide, accounting for nearly a third of deaths of pregnant and postpartum women.! In
the United States (U.S), the rate of postpartum hemorrhage has increased by at least 26% in
the past decade.22 Although maternal death is a rare outcome in the U.S., blood transfusion
after hemorrhage, which is 50 times more common than death, is the main diagnosis
associated with severe maternal morbidity in the U.S.#> While the methods to estimate
blood loss at delivery continue to evolve, the American College of Obstetricians and
Gynecologists (ACOG) currently defines a postpartum hemorrhage as a cumulative blood
loss = 1,000 mL or signs or symptoms of hypovolemia within 24 hours after birth.”

Predicting a woman'’s risk of postpartum hemorrhage on labor admission requires the
obstetrician to incorporate known risk factors and then to approximate the probability of
hemorrhage by using a risk strata scheme.”8 With an increasing focus on standardized
guidelines to prevent and manage postpartum hemorrhage,®10 limited tools exist to
accurately predict which women are at the highest risk for hemorrhage.” Current risk-based
stratification guidelines adopted by ACOG and California Maternal Quality Care
Collaborative (CMQCC) include decision tree algorithms based on clinical consensus,1!
expert opinion, and prior observational data.21213 An accurate and validated clinical
prediction model that could be deployed on the labor and delivery unit (L&D) for
postpartum hemorrhage is lacking.14-17

Current methods for predicting postpartum hemorrhage are based on risk stratification
methods. Improved predictive ability could be achieved by applying traditional statistical
and machine learning methods .18 Recent advances in machine learning, which employs
advanced computer-driven algorithms aimed at detecting patterns in data, have increasingly
attracted attention because of their superior predictive ability primarily in determining
intensive care unit admission and hospital readmission compared to statistical models.1920
However, these innovative approaches have yet to be widely tested in obstetrics.?!
Advantages of machine learning include the ability to process non-additive relationships and
incorporate complex interactions between factors that do not need to be pre-specified.20 For
these reasons, it is possible that machine learning approaches could accurately identify
women at highest risk of postpartum hemorrhage and improve obstetric decision making,
21.22 and possibly improved clinical outcomes.

Our objective was to develop and validate prediction models for postpartum hemorrhage on
labor admission. We quantified how closely the diagnosis of postpartum hemorrhage

Obstet Gynecol. Author manuscript; available in PMC 2021 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Venkatesh et al. Page 3

classified by machine learning and statistical models matched the known diagnosis of an
estimated blood loss = 1,000 mL.

METHODS

Data from the Eunice Kennedy Shriver National Institute of Child Health and Human
Development Consortium on Safe Labor (CSL) were used for the development and
validation of the prediction models. Briefly, the CSL was a retrospective cohort study of
women delivering at = 23 weeks gestation between 2002 and 2008 at 12 clinical sites with
19 hospitals across 9 ACOG districts in the U.S.2% This cohort included data abstracted from
electronic medical records, including demographics, prenatal complications, labor and
delivery information, and maternal and neonatal outcomes. The CSL included a total of
228,438 deliveries at 223 weeks gestation, with 9.5% of women (N=5,053) contributing >1
birth over the study period. The present analysis was performed using a de-identified dataset
under a waiver of informed consent and was approved by the Institutional Review Board at
the University of North Carolina at Chapel Hill. Methods and reporting guidelines were
followed as proposed in the Transparent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis (TRIPOD): the TRIPOD Statement.24

The candidate predictors of postpartum hemorrhage for all models were chosen from
routinely available data on labor admission and were compiled from expert opinion,
consensus statements, prior observational cohorts, and collected from the CSL database.
25-2T \\e first included risk factors for postpartum hemorrhage a prioriidentified by the
CMQCC and ACOG'+28 (see Table 1 in Practice Bulletin No. 183, available at https:/
www.acog.org/Clinical-Guidance-and-Publications/Practice-Bulletins-List)). Additional
predictors included available patient socio-demographics (e.g., age, race), obstetric
diagnoses (e.g., placenta previa, fetal macrosomia, preeclampsia), comorbid conditions (e.g.,
chronic hypertension, diabetes), and vital signs on labor admission (Appendix 2, available
online at http://links.lww.com/xxx). Risk factors in the CSL were captured by searching for
specific /nternational Classification of Diseases, 9" Revision, Clinical Modification (ICD-9-
CM) codes as well as from documentation in the L&D clinical record. Some previously
identified risk factors as outlined by CMQCC and ACOG that would be available to
obstetric providers on labor admission were not available in this dataset, including a history
of prior postpartum hemorrhage and thrombocytopenia on admission.

The primary outcome of postpartum hemorrhage was defined as a cumulative estimated
blood loss (EBL) of = 1,000 mL, regardless of mode of delivery. This outcome was selected
because it was consistent with the most recent definition of the ACOG reVITALIize program,
28 as well as the consensus case definition of the Brighton Collaboration Primary Postpartum
Hemorrhage Working Group,2° the Royal College of Obstetricians and Gynaecologists
(UK),26 and the World Health Organization (WHO).27

We developed two statistical models using logistic regression and logistic regression with
lasso regularization (lasso regression) 29 and two machine learning models using random
forest 30 and Extreme Gradient Boosting algorithms. 31 Lasso regression is also referred to
as penalized regression because a penalty is imposed on variables with high variance in
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order to eliminate the number of variables and improve model predictions. Recent review
articles provide a framework for interpreting clinical studies that use machine learning
methods for clinical readers. 293233

Variable reduction was performed during logistic regression using backwards stepwise
elimination. The variable selection process started with the full model and a bootstrap bias-
corrected concordance index was used as the stopping criteria. Variables with individual P
values that were >.05 were left in the model if they offered information to improve the
overall model. The removal of each variable was evaluated by determining which variable
had the smallest effect on the adjusted R? and was stopped when the bootstrap concordance
index had a change of 0.001. Variable reduction was performed during lasso regression by
10-fold cross-validation of the lambda value and the final model incorporated the variables
that were most predictive within one standard error of the best value.

Model performance was assessed using three recommended measures?4: 1) the C statistic, or
area under the receiver operating characteristic (ROC) curve, 2) calibration curves, and 3)
decision curves. The C statistic measures the model’s overall ability to discriminate between
high- and low-risk patients, but does not allow one to understand how the model performs
across the entire range of possible predictions, which is measured by the model’s calibration
curve. Calibration curves were plotted to show the relationship between the model’s
predicted outcomes against the cohort’s observed outcome, where a perfectly calibrated
model follows a 45° line.34 In this study, Decision curve analysis (DCA) was used to
quantify the net benefit of using each model and to visually compare the models.3> DCA
evaluates the benefits of a diagnostic test, or a prediction model in this case, across a range
of patient preferences for accepting risk of undertreatment and overtreatment to facilitate
decisions about test selection and use.3> DCA assesses the value of information provided by
the model by considering the likely range of a patient’s risk and benefit preferences, without
the need for actually measuring these preferences for a particular patient.3> The net benefit is
determined by calculating the difference between the expected benefit and the expected
harm associated with each proposed testing and possible treatment strategies. The expected
benefit is represented by the number of patients who have the outcome and who will receive
treatment (true positives) using the proposed strategy.36 The net benefit is calculated as: Net
benefit = true positive rate - (false positive rate x weighting factor) in which the weighting
factor = Threshold probability/1-threshold probability and the threshold probability is a level
of certainty above which the patient or physician would choose to intervene. Variable
importance, a scaled measure with a maximum value of 100,31 was plotted to understand the
contribution of each predictor in the machine learning models. All models were internally
validated using bootstrapping or cross-validation to measure optimism-corrected reliability.
Missing predictor values were imputed using Multiple Imputed Chained Equations (MICE).
37 The frequency of missing data for each variable generally did not vary over time between
the two time periods used in temporal validation (2002—2006 and 2007-2008) (Appendix 3,
available online at http://links.lww.com/xxx).

Measures, such as sensitivity, specificity, and false positive and negative probabilities are not
recommended when reporting performance of clinical prediction models because they are
performance measures after introducing one or more artificial probability thresholds or
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catagories.24 Although these are useful for estimating accuracy or classification measures
often reported in a single diagnostic test or prognostic factor studies, such dichotomization
and related classification measures lead to loss of information when providing a prediction
for the future and introducing such a threshold implies that it is relevant to clinical practice,
which often is not the case.?*

The dataset was split by time (i.e., temporal validation) in which we used the first phase
(2002-2006) for model derivation and the second phase (2007—2008) for model validation.
When the sample size is very large, this approach has been shown to be methodologically
more rigorous than a simple random split of the dataset.38-3% Next, we combined both site-
specific and temporal validation by using each site once as a validation sample, with the
remaining sites used for model derivation during the first phase. Site-specific estimates of
discrimination (C statistic) and calibration were pooled and tested in the second phase. All
analyses were performed with R statistical software version 3.4.1 (R Foundation for
Statistical Computing).

Of 228,438 births in the CSL cohort across 12 sites, data were available from 10 of 12 sites
for estimated blood loss (152,279, or 66.6%) (Figure 1). The mean estimated blood loss was
445 mL (SD: 2,327), and was two times greater for cesarean than vaginal deliveries (769.9
mL vs. 315.0 mL) (Appendix 4, available online at http://links.lww.com/xxx). Of the
152,279 assessed births, 7,279 (4.7%, 95% CI 4.6 to 4.9) had a postpartum hemorrhage as
defined by an estimated blood loss = 1,000 mL, which was higher for cesarean (15.2%, 95%
Cl: 14.9 to 15.6) than vaginal delivery (0.6%, 95% CI: 0.5 to 0.6). Of 145,943/152,279
(95.8%) births with available transfusion data, 11.3% (n=789) with a postpartum
hemorrhage had a transfusion versus 1.9% (n=2,724) without a postpartum hemorrhage.

A total of 55 candidate predictors of postpartum hemorrhage available on labor admission
were assessed for possible model inclusion, including socio-demographic, obstetric, clinical,
and physiologic variables (Appendix 2, http:/links.lww.com/xxx). Variables associated with
postpartum hemorrhage included maternal age, pre-pregnancy body mass index, black race,
residing in the South, delivery at a community hospital, gestational age at birth, maternal co-
morbid conditions (e.g., pregestational and gestational diabetes, chronic and gestational
hypertension), prior preterm birth, antepartum admission, threatened preterm birth, antenatal
steroids, breech presentation, prelabor rupture of membranes, whether trial of labor was
attempted, and whether labor was initiated spontaneously. The variables included in each
model are presented in Appendix 5, available online at http://links.lww.com/xxx.

After temporal and site validation, the best performing model was the Extreme Gradient
Boosting model with the highest discriminative ability (C statistic 0.93, 95% CI: 0.92 to
0.93) (Table 1). The random forest model also had a high discriminative ability (C statistic
0.92; 95% CI: 0.91 to 0.92). The lasso regression (C statistic: 0.87; 95% CI: 0.86 to 0.88)
and the logistic regression model had lower discriminative ability (C statistic: 0.87; 95% CI:
0.86 to 0.87). Appendix 6, available online at http://links.lww.com/xxx, displays the ROC
curves for the 2 machine learning and 2 statistical models.
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Models were further validated both over time (i.e., temporally) and by site for predicting
postpartum hemorrhage. As above, we similarly noted good to excellent discrimination for
prediction of postpartum hemorrhage with Extreme Gradient Boosting (C statistic: 0.93;
95% CI: 0.92 to 0.94), followed by random forest (C statistic: 0.92; 95% CI: 0.91 to 0.92).
Logistic regression (C statistic 0.87; 95% CI: 0.86 to 0.87) and lasso regression (C statistic:
0.87; 95% CI: 0.86 to 0.88) had lower discriminative ability.

Figure 2 demonstrates the overall calibration curves with 95% confidence intervals of the
four models. The calibration curve shows the variation in performance of each model in
comparison to perfect agreement between the predicted probability of the model and the
actual probability. We also present the best performing model, Extreme Gradient Boosting,
by each of the ten assessed sites in Appendix 7, available online at http://links.lww.com/xxx.
This model assigned an accurate probability of postpartum hemorrhage when prediction
ranged from O to 70-80%.

In the decision curve analysis (Figure 3), all models provided superior net benefit when
clinical decision thresholds were between 0 to 80%. The net benefit for the Extreme
Gradient Boosting model was greatest across the range of threshold probabilities compared
with the other models (i.e., lasso, random forest, and logistic regression).

Figure 4 displays the variable importance in the Extreme Gradient Boosting model for
postpartum hemorrhage, which was the best performing model. The top 10 variables ranked
from most to least important included pre-pregnancy maternal weight, admission maternal
weight, prenatal diagnosis of fetal macrosomia, admission temperature, attempted trial of
labor on admission, pre-pregnancy maternal body mass index, admission systolic blood
pressure, multiple gestation, anemia diagnosis during pregnancy, and spontaneous labor on
admission.

We were unable to compare our models to current risk stratification strategies as outlined by
CMQCC (i.e., low, medium, and high risk for postpartum hemorrhage) as we only had two-
thirds of these variables available in the dataset and many of these variables (such a uterine
fibroids, known bleeding disorder or coagulopathy) were not routinely assessed on labor
admission and therefore were not considered as candidate variables for our models.

DISCUSSION

We found that machine leaning and statistical models can accurately predict postpartum
hemorrhage using data available at the time of admission for labor. Machine leaning models
performed the best but at the cost of possibly increased complexity and minimal clinical
significance. Extreme Gradient Boosting and random forest models provided excellent
discriminative ability to predict postpartum hemorrhage. Importantly, these models achieved
high predictive performance using clinical and physiologic data readily available to the
obstetric provider at the time of labor admission.

Clinical application could allow obstetric providers to be prepared and in some instances
(i.e., when not in spontaneous labor) to triage women at high-risk of postpartum hemorrhage
to the appropriate level of maternity care.#0 It would be reasonable to integrate the models
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into an online calculator or automated input in the electronic medical record for immediate
use on labor admission. At the current time, statistical models are easier to integrate in this
manner compared to many machine learning algorithms. Given that the statistical models
performed well this should also be considered. Regardless, any model will need to be
prospectively assessed in local contemporary cohorts of pregnant women across regional
settings. Our model focused on prediction at the time of labor admission and hence
employed variables available at that time, and it may also be reasonable to build models that
include intrapartum variables that affect hemorrhage risk, such as length of labor and mode
of delivery.

To date, accurate prediction models using statistical models for postpartum hemorrhage have
been lacking. Dilla et al. found that CMQCC risk strata of low-, medium-, and high-risk
generally predicted postpartum hemorrhage at a tertiary care center, but this analysis did not
involve development of a prediction model that could be prospectively tested.4! Betts et al.
aimed to identify women at risk for common postpartum complications using Australian
administrative data and found good discrimination for postpartum hypertension and surgical
site infection (both with AUC > 0.80), but not postpartum hemorrhage.*2 Similarly, an
earlier model did not accurately predict postpartum hemorrhage using data from the
HYPITAT trial of women with gestational hypertension or preeclampsia in the Netherlands
(AUC 0.59).43 Albright et al. built a logistic regression model that adequately predicted
transfusion after cesarean delivery using data from the MFMU Cesarean Registry (AUC
0.82).#4 Recently, models using traditional statistical methods been developed with fair to
good predictive ability for intensive care unit admission (AUC 0.81) and failed induction
among obese women (AUC 0.79) using population-based administrative data.>46 In
comparison to these prior models, our data suggest that both machine learning and statistical
models can provide superior discriminative ability in the case of postpartum hemorrhage and
a final model should be chosen based on a combination of discrimination, calibration
(especially accurate calibration in the range of predictions where clinical decisions will be
affected), ease of use in the clinical setting, and acceptability by clinicians and patients.

Prediction of postpartum hemorrhage on labor admission could allow for optimizing L&D
unit healthcare resources, risk mitigation, and timely care.” Currently, health care providers
rely largely on their clinical judgment and recognition of non-specific risk factors. To further
systematize this process, the Alliance for Innovation on Maternal Health (AIM) has
established an obstetric hemorrhage patient safety bundle, including policies, guidelines, and
algorithms, to aid in the prompt recognition and management of postpartum hemorrhage.8:28
The CMQCC categorizes pregnant women into low-, medium-, or high-risk based on
clinical or laboratory risk factors,*8 and state-wide implementation of their hemorrhage
protocol has been associated with a reduction in severe maternal morbidity.4° Despite
increasing impetus for wider adoption across the U.S.,11 these risk-based stratification
guidelines or decision tree algorithms are based on expert opinion and clinical consensus
and these methods do not provide an individualized risk prediction. In the current study, we
did not formally compare our models to the CMQCC risk strata for both methodological
(i.e., availability of only about two-thirds of these variables) as well as pragmatic (i.e., many
of these variables are not routinely assessed on labor admission) considerations. Our
definition of hemorrhage did not incorporate transfusion of blood products and further
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models to accurately predict transfusion beyond current guidelines are needed as recently
highlighted.>0 We did note a 2% rate of transfusion among those women without postpartum
hemorrhage, which may reflect outcome misclassification or cases of transfusion that
occurred after delayed or late postpartum hemorrhage.

There are several study limitations. Missing data is an important limitation of this analysis,
including restricting this analysis to the subset of the original cohort with available blood
loss data and the substantial proportion of covariates with incomplete data, albeit we used
up-to-date imputation techniques. The proportion of missing data is a limitation to the
general application of these models affecting generalizability of these results. However, it is
likely that missing data or incomplete ascertainment will continue to be a limitation when
applying these models in real time with EHR data.

Similar to clinical applications of precision medicine in other medical specialties, whether
improved prediction will impact clinical outcomes and patient disposition compared with
conventional clinical practice remains to be studied.>! Alternatively stated, accurate
prediction of postpartum hemorrhage may not necessarily change care or produce better
patient outcomes. It is possible that inclusion of more predictors in the model, such as serial
measurement of vital signs, physical examination findings, and laboratory data, may
improve prediction, but may not be feasible and could potentially delay intervention. The
impact of a model on clinical decision making depends on multiple provider and care
environment characteristics, including capacity to formulate a timely clinical response,
weighing of risks and benefits of intervention, ability to execute that action, and patient (or
health care provider) adherence to the recommended intervention.1® Additional
environmental constraints may include personnel, space, and equipment, which are not
integrated into current prediction models. Furthermore, estimated blood loss is known to be
imprecise, inaccurate, and often underestimated,52 and there can be substantial variability in
the relationship between blood loss and clinical signs and symptoms.>3

Our definition of postpartum hemorrhage is consistent with current clinical guidelines;
however, we did not assess other relevant clinical measures of acute blood loss, including a
higher blood loss threshold, hemorrhage resulting in transfusion, drop of hemoglobin pre- to
post- delivery, or change in vital signs to suggest hemodynamic instability. Predictive
models for these outcomes will need to be tested while using newer, more precise methods
of assessing blood loss at delivery, including weight-based or photographic, colormetric
quantitative blood loss approaches. Finally, machine learning approaches are data driven and
depend on accurate data. Some important clinical variables were not measured in the CSL
dataset (e.g., postpartum hemorrhage in prior pregnancy, thrombocytopenia,
thromboprophylactic drug treatment, placental characteristics, and uterine fibroids). Some
assessed variables, such as a prenatal diagnosis of macrosomia, were likely not universally
captured and it was unclear how they were defined. Additionally, the dataset is now a decade
old. These models will need to be replicated in more contemporary prospective datasets,
ideally in real time as part of an integrated electronic medical record.

Strengths of this study include creation of a generalizable model drawn from a large dataset
from multiple hospitals across the U.S. over nearly a decade, as well as utilization of an
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analytical approach that has yet to widely studied and implemented in obstetrics. Our
findings reinforce that machine learning approaches can be used to improve clinical
prediction in obstetrics, and this “proof of concept’ will need to be prospectively tested.

In conclusion, these findings are an opportunity to apply novel prediction approaches to
support decision making on labor admission in an era of rising U.S. maternal morbidity and
mortality. As predictive tools become more widely used in obstetric care,* they can be
included in guidelines and care pathways for clinical use and further testing. Identification of
women at high risk of postpartum hemorrhage on labor admission using both machine
learning and statistical models could allow for more prompt diagnosis and possibly
intervention, which may result in more accurate clinical care, improved patient outcomes,
and better resource allocation.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Flow chart of women with postpartum hemorrhage (estimated blood loss [EBL] =1,000 mL).
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Calibration curves demonstrating the performance of predicting postpartum hemorrhage
(PPH) for all four models: Logistic regression (A), logistic regression with lasso
regularization (B), random forest (C), and extreme gradient boosting (D). The figure
demonstrates the variation in each model’s performance. The red /ine indicates perfect
agreement between the predicted probability of the model and the actual probability. The
black line bounded by two dotted lines indicates the overall calibration with 95% Cls of
each model. Each triangle represents a group of individuals risk. There are 10 triangles and
each triangle represents a decile of risk. A. Calibration (intercept: —0.17 [-0.22 to -0.11];
slope: 0.96 [0.92 to 1.00]); discrimination (C-statistic: 0.87 [0.86 to 0.87]). B. Calibration
(intercept: —0.20 [-0.26 to —0.15]; slope: 1.08 [1.04 to 1.12]); discrimination (C-statistic:
0.87 [0.86 to 0.88]). C. Calibration (intercept: —0.60 [-0.66 to —0.54]; slope: 1.28 [1.23 to
1.33]); discrimination (C-statistic: 0.92 [0.91 to 0.92]). D. Calibration (intercept: —0.13 [-
0.19 to —0.06]; slope: 1.02 [0.98 to 1.06]); discrimination (C-statistic: 0.93 [0.92 to 0.94]).
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Figure 3.

Decision curve analysis of predicting postpartum hemorrhage by all models. The x-axis
indicates the threshold probability for postpartum hemorrhage outcome. The threshold
probability is a level of certainty above which the patient or physician would choose to
intervene. The probability threshold captures the relative value the patient or physician
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places on receiving an intervention for the outcome, if present, to the value of avoiding an

intervention if the outcome is not present. The y-axis indicates the net benefit. The net

benefit is calculated as true positive rate — (false positive rate x weighting factor). Weighting
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factor is calculated as threshold probability/1-threshold probability. For example, when
threshold probability is 0.1, weighting factor is 0.1/1-0.1=0.1/0.9. The decision curves
indicate the net benefit of each model as well as two clinical alternatives (classifying no
women as having the outcome vs. classifying all women as having the outcome) over a
specified range of threshold probabilities of outcome. Compared with the clinical
alternatives, the net benefit for the Extreme Gradient Boosting model was greatest across the
range of threshold probabilities.
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Figure 4.
Importance of each predictor in the Extreme Gradient Boosted model to predict risk of

postpartum hemorrhage. The variable importance is a measure scaled to have a maximum
value of one. Cluster indicates features that are similar to one another in importance value.
BMI, body mass index.
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Discrimination between women with and without postpartum hemorrhage using two machine learning and two

statistical models

Table 1.

Model. Temporal Validation:L Temporal and sitevalidation2
<2007 >= 2007 <2007 >= 2007
Extreme Gradient Boosting 0.95 (0.95t0 0.95) | 0.93 (0.92t00.93) | 0.93 (0.92t00.94) | 0.93 (0.92 to 0.94)
Random forest 0.99 (0.99t01) | 0.92(0.91t00.92) | 0.92 (0.91t00.92) | 0.92 (0.91 to 0.92)
L ogistic regression with lasso regularization | 0.88 (0.87 t0 0.88) | 0.87 (0.86 to 0.88) | 0.87 (0.86 to 0.88) | 0.87 (0.86 to 0.88)
L ogistic regression model 0.87 (0.87t00.88) | 0.87 (0.86t0 0.87) | 0.87 (0.86 t0 0.87) | 0.87 (0.86 to 0.87)

Jln temporal validation, models were constructed from the first phase (2002-2006) and externally validated (i.e., temporally) in the second phase
(2007-2008).

In temporal and site validation, both clinical site-specific (total of 10 sites) and temporal validation were combined by using each site once as a
validation sample, with the remaining sites used for model derivation during the first phase.

Data are presented as concordance index with 95% confidence intervals.
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