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Abstract 
This retrospective case-control study aimed to develop a nomogram for predicting postpartum hemorrhage in women with 
preeclampsia. This study was carried out at the Fujian Maternity and Child Health Hospital, involving 542 preeclampsia patients 
who underwent vaginal deliveries. The participants were split into 2 groups: a training cohort (85%, n = 460) and a validation 
cohort (15%, n = 82). Least absolute shrinkage and selection operator regression was applied to pinpoint relevant risk factors by 
selecting appropriate candidate variables. Subsequently, multivariate logistic regression analysis was conducted on the training 
set, leading to the creation of a nomogram as a visual risk prediction tool. The model’s performance was tested and verified 
internally and externally by examining receiver operating characteristic curves and calibration curves. The correlation heatmap 
revealed collinearity among variables, necessitating the use of least absolute shrinkage and selection operator regression to select 
4 candidate variables. Multivariate logistic regression analysis identified significant associations with the following outcomes: 
white blood cell count (odds ratio [OR]: 2.485, 95% confidence interval [CI]: 1.483–4.166), third stage of labor (OR: 1.382, 95% 
CI: 1.182–1.616), anemia (OR: 9.588, 95% CI: 4.022–22.854), and labor analgesia (OR: 0.187, 95% CI: 0.073–0.477). These 
variables were utilized to construct the nomogram. The receiver operating characteristic curves demonstrated good predictive 
performance (area under the curve train = 0.867, area under the curve test = 0.882), and the calibration curve yielded a C-index of 
0.867. The nomogram created in this study has good sensitivity and specificity to assess risk and support clinical decision-making 
for postpartum hemorrhage in women with preeclampsia.

Abbreviations: AUC = area under the curve, CI = confidence interval, OR = odds ratio, LASSO = least absolute shrinkage and 
selection operator, PE = preeclampsia, PPH = postpartum hemorrhage, ROC = receiver operating characteristic, WBC = white 
blood cell count.
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1. Introduction
Preeclampsia, a hypertensive disorder, affects a considerable pro-
portion of pregnancies, estimated at approximately 5%–8%.[1] 
The condition poses significant maternal and fetal risks, including 
morbidity and mortality.[2] Of particular concern is the heightened 
susceptibility of women with preeclampsia to postpartum hemor-
rhage (PPH), a leading cause of maternal mortality worldwide.[3,4]

The timely identification of high-risk individuals for PPH 
prior to the administration of labor analgesia is imperative to 

facilitate appropriate interventions and enhance maternal out-
comes.[5] Anesthesiologists play a crucial role in managing labor 
analgesia and are thus well positioned to potentially identify 
women at an elevated risk of PPH during this stage.[6] However, 
a standardized tool for identifying women with preeclampsia at 
a high risk of PPH is currently lacking.

Addressing this gap, the development of a nomogram holds 
promise for predicting PPH in women with preeclampsia. A 
nomogram is a graphical tool that utilizes various maternal 
demographic and clinical variables to provide a personalized 
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probability of a clinical outcome.[7] By employing a combina-
tion of these factors, anesthesiologists can effectively identify 
women at high risk of PPH, thereby enabling the implemen-
tation of preventive measures, such as the administration of 
tranexamic acid or the use of low-dose oxytocin infusion. The 
utilization of a nomogram has the potential to improve mater-
nal outcomes by mitigating the incidence of PPH and its associ-
ated complications.

Risk scoring or nomograms are commonly used to identify 
high-risk cases and guide management decisions.[8] While not 
all cases of preeclampsia will result in PPH, developing a tool to 
identify higher-risk cases has its merits. By doing so, healthcare 
providers can implement targeted interventions and preven-
tive measures to improve outcomes. Tailoring the management 
approach for higher-risk cases allows proactive monitoring, 
timely interventions, and allocation of appropriate resources. 
This personalized care plan optimizes management and poten-
tially reduces the incidence and severity of PPH-related com-
plications, thereby improving overall patient outcomes in 
preeclampsia.

Within the scope of this study, we undertook the devel-
opment and validation of a nomogram specifically tailored 
to predict PPH in women with preeclampsia. This novel 
tool holds the promise of enhancing maternal outcomes by 
empowering anesthesiologists with the ability to identify 
high-risk individuals and implement timely interventions. 
As we embark on this scholarly journey, the envisioned 
nomogram stands as a beacon of hope, heralding an era of 
improved maternal well-being and the conquest of PPH and 
its attendant challenges.

2. Methods

2.1. Study design and data collection

The present study employed a retrospective cohort design con-
ducted in the Fujian Maternity and Child Health Hospital. The 
study population consisted of women who underwent deliv-
ery between January 1, 2016, and December 31, 2020, in the 
Fujian Maternity and Child Health Hospital. After excluding 
cases with missing values, the final sample size included 542 
patients (Figures S1 and S2, Supplemental Digital Content, 
http://links.lww.com/MD/N827). In Section 2 of our study, we 
strictly ensured that no personally identifiable information was 
collected from participants. Throughout the study, we adhered 
to stringent ethical guidelines, prioritizing the privacy and con-
fidentiality of our participants.

2.2. Statistical analysis and clinical characteristics

To establish the clinical characteristics, the study population 
was divided into 2 distinct groups: the PPH group and the 
non-PPH group. The “CBCgrps” package in the R program-
ming environment was utilized to compare the clinical char-
acteristics between these 2 groups.[9] This package facilitated 
the analysis and comparison of relevant variables, enabling a 
comprehensive understanding of the differences and similari-
ties in clinical characteristics exhibited by the PPH and non-
PPH groups. In the quest to develop a nomogram that predicts 
PPH in women with preeclampsia, several clinical character-
istics were rigorously assessed for their potential association 
with the outcome. The timing of the blood tests (hemoglo-
bin, white blood cell count [WBC], etc) was collected before 
delivery. Labor analgesia specifically refers to the use of the 
epidural labor analgesia pulse intermittent pump method. The 
third stage of labor involves the period after the baby is born 
until the placenta is delivered. Anemia is classified based on 
hemoglobin levels as mild (10–11.9 g/dL), moderate (7–9.9 g/
dL), and severe (<7 g/dL).

2.3. Selection criteria

PPH is commonly defined as a hemorrhage of at least 500 mL 
following a vaginal delivery.[10,11] In our center, blood loss esti-
mation during childbirth and the postpartum period is con-
ducted using a comprehensive approach. Trained healthcare 
providers utilize visual estimation, blood collecting bags, and 
gauge weight measurements to ensure accurate results. Visual 
estimation is based on clinical expertise and observation, pro-
viding a quick assessment. Blood collecting bags are used to col-
lect and measure the actual blood loss volume, ensuring precise 
quantification. Additionally, weighing blood-soaked materials 
with a gauge allows for further accuracy. By employing these 
methods in combination, our center ensures a comprehensive 
and reliable estimation of blood loss, aiding in effective manage-
ment and prevention of PPH.

Preeclampsia diagnosis criteria: According to the Mayo Clinic, 
a diagnosis of preeclampsia is made if a pregnant woman has 
high blood pressure (typically after 20 weeks of pregnancy) and 
at least one of the following findings: protein in the urine (pro-
teinuria), indicating kidney impairment, other signs of kidney 
problems, low blood platelet count, or elevated liver enzymes.[12]

2.4. Diagnostic criteria for predictors

In our study, magnesium sulfate therapy was administered to 
women with preeclampsia based on established criteria follow-
ing clinical guidelines. These criteria included severe hyperten-
sion, signs of end-organ damage, or eclampsia. The dosage and 
duration of magnesium sulfate administration adhered to stan-
dardized protocols recommended by professional guidelines, 
ensuring safe and effective management of preeclampsia. The 
research definition of diabetes aligned with international guide-
lines, encompassing preexisting diabetes (type 1 or type 2), ges-
tational diabetes diagnosed during pregnancy, or a combination 
of both. Battledore placenta refers to the abnormal attachment 
of the umbilical cord at the placental margin. Mode of delivery 
include normal vaginal delivery and forceps assisted delivery. 
Labor analgesia was administered before the onset of labor, and 
its method is epidural labor analgesia in our institution.

2.5. Sample size

The sample size of the study met the recommended criteria 
stipulated by the events per variable criterion, ensuring an ade-
quate number of events in relation to the number of variables 
(events per variable ≥ 10).[13] In our study, there were 4 variables 
included in the predictive model, and the required number of 
positive events was 40. And we have 50 positive cases, so our 
sample size is sufficient.

2.6. Univariate analysis

In this study, the receiver operating characteristic (ROC) curve 
analysis was performed using the pROC package in R to calcu-
late the area under the curve (AUC).14] ROC analysis is helpful 
to evaluate the discriminant ability and prediction accuracy of 
the model. The pROC package contains many features tailored 
for ROC analysis, including plotting curves, calculating AUC 
scores, and comparing the performance of different factors or 
models. This allows the analysis to provide a detailed assess-
ment of the predictive power of each factor to the outcome.

2.7. Collinearity analysis

The correlation heatmap was generated using the “corrplot” 
package in R. This package provides a range of functions and 
visualization tools specifically designed for correlation analysis. 
The correlation coefficients between variables were calculated, 

http://links.lww.com/MD/N827
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Table 1

Clinical characters.

Variables Total (n = 542) non-PPH (n = 492) PPH (n = 50) P Value

Age, median (Q1, Q3) 29.52 (26.78, 33.06) 29.46 (26.75, 32.96) 30.73 (27.33, 33.35) .183
Occupation, n (%) .37
  �  Nonemployment 166 (31) 148 (30) 18 (36)
  �  Clerk 214 (39) 199 (40) 15 (30)
  �  Makeup technicians 41 (8) 37 (8) 4 (8)
  �  Teacher 41 (8) 34 (7) 7 (14)
  �  Civil servant 12 (2) 11 (2) 1 (2)
  �  Liberal profession 68 (13) 63 (13) 5 (10)
Culture, n (%) .057
  �  College 358 (66) 329 (67) 29 (58)
  �  High school/technical secondary school 110 (20) 102 (21) 8 (16)
  �  Junior high 59 (11) 49 (10) 10 (20)
  �  Primary school 15 (3) 12 (2) 3 (6)
BMI, median (Q1, Q3) 27.36 (25, 29.71) 27.38 (24.99, 29.68) 27.34 (25.5, 30.28) .504
Weight, median (Q1, Q3) 70 (64, 77) 70 (64, 77) 70.2 (64.25, 74.42) .902
Gestational age, median (Q1, Q3) 39 (38, 40) 39 (38, 40) 39 (38, 40) .578
Parturition, n (%) .126
  �  1 373 (69) 344 (70) 29 (58)
Variables Total (n = 542) non-PPH (n = 492) PPH (n = 50) P value
  �  2 152 (28) 134 (27) 18 (36)
  �  3 17 (3) 14 (3) 3 (6)
Preeclampsia, n (%) .35
  �  Mild 301 (56) 268 (54) 33 (66)
  �  Severe 216 (40) 200 (41) 16 (32)
  �  Combined with chronic hypertension 25 (5) 24 (5) 1 (2)
Prematurerupture of membrane, n (%) .793
  �  No 354 (65) 320 (65) 34 (68)
  �  Yes 188 (35) 172 (35) 16 (32)
Diabetes, n (%) .063
  �  No 401 (74) 370 (75) 31 (62)
  �  Yes 141 (26) 122 (25) 19 (38)
Anemia, n (%) <.001
  �  No 350 (65) 336 (68) 14 (28)
  �  Mild 97 (18) 89 (18) 8 (16)
  �  Moderate 87 (16) 65 (13) 22 (44)
  �  Severe 8 (1) 2 (0) 6 (12)
Prenatal examination, n (%) .059
  �  No 81 (15) 72 (15) 9 (18)
  �  Yes 451 (83) 413 (84) 38 (76)
  �  NA 10 (2) 7 (1) 3 (6)
Variables Total (n = 542) non-PPH (n = 492) PPH (n = 50) P value
Placenta.attachment, n (%) .2
  �  Nomoral 525 (97) 478 (97) 47 (94)
  �  Abruption 17 (3) 14 (3) 3 (6)
Labor analgesia, n (%) <.001
  �  No 307 (57) 265 (54) 42 (84)
  �  Yes 235 (43) 227 (46) 8 (16)
Enter labor mode, n (%) .724
  �  Naturally, into labor 307 (57) 277 (56) 30 (60)
  �  Oxytocin induced labor 235 (43) 215 (44) 20 (40)
Intrapartum use of oxytocin, n (%) .977
  �  No 373 (69) 338 (69) 35 (70)
  �  Yes 169 (31) 154 (31) 15 (30)
Antihypertensive therapy during pregnancy, n (%) .04
  �  No 485 (89) 445 (90) 40 (80)
  �  Yes 57 (11) 47 (10) 10 (20)
Perinatal antihypertensive therapy, n (%) .529
  �  No 397 (73) 358 (73) 39 (78)
  �  Yes 145 (27) 134 (27) 11 (22)
Magnesium sulfate treatment, n (%) .866
  �  No 465 (86) 423 (86) 42 (84)
  �  Yes 77 (14) 69 (14) 8 (16)
Variables Total (n = 542) non-PPH (n = 492) PPH (n = 50) P value
Postpartum magnesium sulfate use, n (%) .591
  �  No 402 (74) 367 (75) 35 (70)
  �  Yes 140 (26) 125 (25) 15 (30)
Anticoagulation during pregnancy, n (%) .494
  �  No 535 (99) 486 (99) 49 (98)
  �  Yes 7 (1) 6 (1) 1 (2)

� (Continued )



4

Zheng et al.  •  Medicine (2024) 103:45� Medicine

and the resulting matrix was represented graphically as a heat-
map. Collinearity among variables was assessed through a cor-
relation heatmap to identify any potential high correlations.

2.8. Machine learning and variable selection

Machine learning techniques, specifically least absolute shrink-
age and selection operator (LASSO) regression, were employed 
using the “glmnet” package in the R programming environment 
to select relevant candidate factors and identify potential risk 
factors associated with the outcome of interest.[15] The applica-
tion of LASSO regression facilitated the identification of poten-
tial risk factors by simultaneously estimating the coefficients of 
the predictors and promoting sparsity in the model. Variables 
with coefficients that were shrunk to zero were excluded, while 
those with nonzero coefficients were retained. To prevent over-
fitting, we used cross-validation during the LASSO regression 
process and limited the inclusion of variables to those that 
demonstrated consistent predictive value across folds.

2.9. Multivariate analysis and development of nomogram

The dataset was randomly divided into a training cohort (85%, 
n = 460) and a validation cohort (15%, n = 82). Multivariate 
logistic regression analysis was then performed on the training 
cohort to determine the independent risk factors associated with 
the outcome. Using the risk factors identified from the analysis, 
a nomogram was constructed using the “rms” package in the R 
programming environment. The nomogram serves as a visual 
predictive tool, offering a graphical representation of the predic-
tive model based on the identified risk factors.

2.10. Model verification

To verify the accuracy of the nomogram, both internal and 
external validation methods were employed. This involved eval-
uating the performance of the nomogram using metrics such as 
the ROC curve and calibration curve.

2.11. Ethical approval

Prior to commencing the study, ethical approval was obtained 
from the local Institutional Review Board. The Institutional 
Review Board explicitly waived the requirement for written 
informed consent from the participants, considering the retro-
spective nature of the research. The study adheres to the report-
ing guidelines outlined in the Strengthening the Reporting of 
Observational Studies in Epidemiology declaration, ensur-
ing transparency and rigor in the study design and reporting 
(approval number: 2021KLRD09022).

3. Results

3.1. Clinical characteristics

The investigation studied how demographic and clinical fac-
tors were linked to PPH in a group of pregnant women with 
preeclampsia (Table 1). Several findings came out: Anemia was 
found to be significantly tied to PPH (P < .001). Those with 
preeclampsia and anemia had a higher possibility of getting 
PPH. Labor analgesia had a higher incidence of PPH among 
women who received it compared to those who didn’t receive 
it (P < .001). The use of antihypertensive therapy during 
pregnancy also showed some association with PPH (P = .04), 
meaning women using it had a more increased chance of hav-
ing PPH. The WBC count was significantly related to PPH 
(P = .003). Also, the delivery method (P = .045) and diastolic 
blood pressure postpartum (P = .002) in the group that had 
PPH were statistically notable. Higher WBC counts were 
observed in preeclampsia patients. The third stage of labor 
lasted longer in the PPH group compared to those without 
PPH (P < .001).

3.2. Univariate analysis

Univariate analysis was conducted to assess the association 
between individual demographic and clinical variables and 
the incidence of PPH (Fig. 1A). The AUC curve histogram 
shows the ranking of these variables (Fig. 1B). In summary, 

Variables Total (n = 542) non-PPH (n = 492) PPH (n = 50) P Value

WBC, median (Q1, Q3) 9 (8.1, 9.8) 8.9 (8.1, 9.8) 9.5 (8.72, 10.28) .003
Lymphocyte, mean ± SD 30.08 ± 6.29 30.11 ± 6.33 29.77 ± 6.01 .702
Neutrophilic granulocyte, mean ± SD 60.38 ± 6.21 60.29 ± 6.25 61.27 ± 5.81 .263
Monocyte, mean ± SD 5.61 ± 1.46 5.61 ± 1.46 5.58 ± 1.53 .917
Platelet, mean ± SD 200.65 ± 55.02 200.42 ± 56.08 202.96 ± 43.54 .704
Na+, median (Q1, Q3) 140 (138, 143) 140 (138, 142) 141 (138.25, 143.75) .065
K+, median (Q1, Q3) 4 (3.8, 4.2) 4 (3.8, 4.2) 3.9 (3.9, 4.18) .601
Ca2+, mean ± SD 2.52 ± 0.16 2.52 ± 0.16 2.53 ± 0.18 .878
Mg2+, mean ± SD 0.86 ± 0.09 0.86 ± 0.09 0.86 ± 0.1 .871
Diagnostic SBP, median (Q1, Q3) 143 (138, 150) 143 (137, 150) 143.5 (139.25, 148) .801
Diagnostic DBP, median (Q1, Q3) 93 (89, 97) 93 (90, 97.25) 92 (83, 96) .248
Mode of delivery, n (%) .045
  �  Spontaneous 500 (92) 458 (93) 42 (84)
  �  Assisted delivery 42 (8) 34 (7) 8 (16)
Infant weight, median (Q1, Q3) 3112.5 (2780, 3410) 3110 (2765, 3400) 3255 (2857.5, 3462.5) .198
Variables Total (n = 542) non-PPH (n = 492) PPH (n = 50) P value
Postpartum SBP, median (Q1, Q3) 129 (121, 136) 129 (121, 136) 126.5 (118.25, 134) .104
Postpartum DBP, median (Q1, Q3) 78.5 (73, 85) 79 (73, 85) 76 (68.25, 80) .002
First stage of labor, median (Q1, Q3) 365 (210, 630) 360 (218.75, 630) 439.5 (168.75, 735) .974
Second stage of labor, median (Q1, Q3) 25 (14, 40) 25 (14, 41) 23 (13.25, 35.75) .627
Third stage of labor, median (Q1, Q3) 5 (3, 8) 4 (3, 8) 7.5 (5, 20) <.001
Blood loss, median (Q1, Q3) 195 (150, 280) 185 (150, 245) 720 (593, 1105) <.001

Note: 1. WBC, white blood cell; 2. Third stage of labor, is the final phase of childbirth, which begins after the baby is born and ends with the delivery of the placenta. 3. Anemia is classified based on 
hemoglobin levels as mild (10–11.9 g/dL), moderate (7–9.9 g/dL), and severe (<7 g/dL). 4. Labor analgesia was administered before the onset of labor, and its method is epidural labor analgesia in our 
institution.
DBP = diastolic blood pressure, SBP = systolic blood pressure, SD = standard deviation, Q1, Q3 = interquartile range.

Table 1

(Continued )
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the univariate analysis revealed that anemia (P < .001), 
labor analgesia (P < .001), the use of antihypertensive ther-
apy during pregnancy (P = .004), higher white blood cells 
(P = .003), mode of delivery (P = .045), postpartum diastolic 
blood pressure (P = .002) and the incidence of prolonged 
third stage of labor (P < .001) demonstrated borderline or sig-
nificant associations with preeclampsia, indicating the need 
for further multivariate analysis to determine their indepen-
dent effects.

3.3. Collinearity analysis

The collinearity analysis revealed the presence of significant 
multicollinearity among the independent variables, indicating 
that caution should be exercised when including these variables 
in subsequent machine learning analyses to avoid potential 
biases associated with collinearity (Fig. 2).

3.4. Machine learning and variable selection

The LASSO regression technique was utilized to conduct vari-
able selection and identify factors associated with the outcome 
of interest (Fig. 3A). Through LASSO regression, a subset of 
variables was chosen based on their coefficients being reduced 
to zero, indicating their lack of significance in predicting the 
outcome. The selected variables, characterized by nonzero coef-
ficients, were considered potential risk factors and subjected 
to further analysis in the subsequent multivariate analysis. 
Ultimately, 4 variables (anemia, labor analgesia, WBC, and third 
stage of labor) emerged as candidate signatures that demon-
strated potential relevance to the outcome (Fig. 3B).

3.5. Multivariate analysis and development of nomogram

Multivariate analysis was conducted to investigate the asso-
ciation between various factors and the outcome of interest. 
After controlling for confounding variables, 4 candidate signa-
tures were identified as significant predictors: WBC (odds ratio 
[OR]: 2.485, 95% confidence interval [CI]: 1.483–4.166), third 
stage of labor (OR: 1.382, 95% CI: 1.182–1.616), anemia (OR: 
9.588, 95% CI: 4.022–22.854), and labor analgesia (OR: 0.187, 
95% CI: 0.073–0.477) (Table 2).

Based on these findings, a nomogram was developed as a 
visual predictive tool to estimate the probability of the outcome 
(Fig. 4). The nomogram incorporated the 4 selected variables, 

allowing for individualized risk assessment and aiding in clin-
ical decision-making. The nomogram provides a user-friendly 
interface for healthcare professionals to assess the likelihood 
of the outcome based on the values of these 4 predictors.

3.6. Model verification

The predictive performance of the developed model was 
assessed through model verification techniques. The ROC 
curves were plotted to evaluate the discriminative ability of the 
model (Fig. 5). The ROC curves demonstrated favorable pre-
dictive performance, as evidenced by the AUC values of 0.867 
for the training dataset and 0.882 for the testing dataset. These 
AUC values indicate good discriminatory power of the model in 
distinguishing between the outcomes of interest.

More specifically, Figure 6 shows the calibration curve that is 
plotted to investigate the calibration or agreement between pre-
dicted probabilities and observed outcomes. In fact, the statis-
tical analysis of this calibration curve gave a C-index of 0.867, 
indicating that the agreement between the statistically predicted 
and clinically observed outcomes is very high. The immediate 
implication of this is that the model is efficient in the prediction 
probability of the occurrence of the target outcome and, thus, 
provides reliable predictions.

In summary, the model verification results demonstrate strong 
predictive accuracy and calibration, underscoring its potential 
effectiveness for use in clinical practice.

4. Discussion
Pregnancy with preeclampsia (PE) are more likely to experi-
ence PPH due to uterine atony,[16] which increases fetal and 
maternal mortality.[17] Additionally, data on the incidence 
of PPH vary from 1% to 11% due to the inadequate “gold 
standard” for accurately evaluating PPH and the instabil-
ity of visual evaluation of PPH in clinical application.[18] 
Consequently, it is essential to quantify the risk of PPH in PE 
and to develop a prognostic model for clinical practice. The 
purpose of our study was to develop a novel nomogram for 
predicting PPH in PE. Our research showed a clear connec-
tion between certain variables and the outcomes. At the same 
time, it proves that the nomogram we developed has a good 
predictive ability.

Several variables significantly predicted the outcome in multi-
variate logistic regression analysis. The WBC showed a positive 
association (OR: 2.485, 95% CI: 1.483–4.166), indicating that 

Figure 1.  Univariate analysis of clinical variables. (A) The association between individual demographic and clinical variables and the incidence of PPH. (B) The 
AUC curve histogram shows the ranking of these variables. AUC = area under the curve, PPH = postpartum hemorrhage.
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higher WBC counts are associated with an increased risk of PPH 
with PE. The third stage of labor also demonstrated a positive 
association (OR: 1.382, 95% CI: 1.182–1.616), which means 
that with the prolongation of the third stage of labor, the risk 
increases. Highly significant positive association of anemia was 
noted to have a very strong impact on the outcome (OR: 9.588, 
95% CI: 4.022–22.854). However, in this case, labor analge-
sia was inversely related to PPH with PE (OR: 0.187, 95% CI: 
0.073–0.477).

One study noted that the changes in complete blood cell 
counts, including WBC counts, increased the risk of PPH, stat-
ing that it may be relevant for evaluation of PPH risk.[19] The 
other one revealed that the prolongation of time intervals from 
delivery to placental expulsion is associated with an increased 
risk of PPH.[20] These studies provide an insight into the associ-
ation of WBC counts and PPH; however, consideration should 
be given to other variables and factors that may contribute 
to the development of PPH. Overall, this association of WBC 

Figure 2.  Collinearity analysis of the independent variables. The plot showcases significant multicollinearity among the variables.

Figure 3.  LASSO regression analysis for variable selection associated with the outcome of interest. (A) LASSO regression plot illustrating the reduction of vari-
able coefficients. Variables reduced to zero indicate a lack of significance in predicting the outcome. (B) Visual representation of the 4 selected variables (anemia, 
labor analgesia, WBC, and third stage of labor) that demonstrated potential relevance to the outcome based on nonzero coefficients. These variables were 
subjected to further analysis in the subsequent multivariate analysis. LASSO = least absolute shrinkage and selection operator, WBC = white blood cell count.
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count with higher risk for PPH would suggest that monitoring 
of WBC count may be useful in assessing and managing risk for 
PPH. Nevertheless, deeper studies regarding mechanisms and 
the establishment of a cause-effect relationship between WBC 
count and PPH are still necessary.

Many literatures reported that an extended third stage of 
labor is often associated with an increased risk for PPH; there-
fore, timely management of the third stage of labor is important 
to avoid complications.[21,22] When duration of third stage pro-
longs, the risk of PPH increases evidenced by studies. Available 
studies combined both women with normal and prolonged 
third stages showed an increasing risk of PPH with longer dura-
tions.[23] Of importance, a study by Duny et al 2014 identified 
an increasing risk of PPH after 18 minutes of the third stage of 
labor; the odds for having PPH were 6 times higher when the 
duration extended beyond 30 minutes.[24]

Another factor incorporated in the nomogram was anemia 
before delivery. A systematic study showed that prenatal ane-
mia is an important predictive factor of PPH.[25] Biomolecular 
studies revealed a reasonable analytical hypothesis for a linear 
correlation between antepartum anemia and the risk of PPH 
through the hypoxia–NO–uterine atony pathway.[26–28] Anemia 
before birth was supported by a case-control study as an inde-
pendent risk factor for PPH.[29] Additionally, according to the 
Society of Obstetricians and Gynecologists of Canada’s PPH 
recommendations, the risk of PPH decreases by 0.86 for every 
19 g/L increase in hemoglobin (95% CI: 0.78–0.90), and the 
incidence of PPH increases when the hemoglobin level reaches 
8 g/dL.[30]

We found that epidural labor analgesia reduced the risk of 
PPH during vaginal delivery, which is consistent with previously 
conducted research.[31,32] In a related study, axial analgesia used 

Table 2

Multivariate analysis.

Characteristics

Multivariate analysis

OR 95% CI P value

WBC 2.485 1.483–4.166 .0006
Third stage of labor 1.382 1.182–1.616 <.001
Anemia
  �  Mild 2.134 0.773–5.889 .146
  �  Moderate 9.588 4.023–22.854 <.001
  �  Severe 4.004 2.197–5.812 <.001
Labor analgesia 0.187 0.0730–0.477 <.001

Note: 1. WBC, white blood cell; 2. Third stage of labor, is the final phase of childbirth, which begins after the baby is born and ends with the delivery of the placenta. 3. Anemia is classified based on 
hemoglobin levels as mild (10–11.9 g/dL), moderate (7–9.9 g/dL), and severe (<7 g/dL). 4. Labor analgesia was administered before the onset of labor, and its method is epidural labor analgesia in our 
institution.
OR = odds ratio, 95% CI = 95% confidence interval.

Figure 4.  Nomogram estimating outcome probability based on significant predictors. This visual tool incorporates the 6 selected variables, enabling individu-
alized risk assessment to facilitate clinical decision-making. The nomogram offers a user-friendly interface, allowing healthcare professionals to gauge the like-
lihood of the outcome based on the specific values of the incorporated predictors. Note: 1. WBC, white blood cell; 2. Third stage of labor, is the final phase of 
childbirth, which begins after the baby is born and ends with the delivery of the placenta. 3. Anemia is classified based on hemoglobin levels as mild (10–11.9 g/
dL), moderate (7–9.9 g/dL), and severe (<7 g/dL). 4. Labor analgesia was administered before the onset of labor, and its method is epidural labor analgesia in 
our institution.
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in vaginal delivery was found to be associated with reduced 
PPH—a major preventable cause of acute maternal morbid-
ity.[33] Axial analgesia includes epidural analgesia and spinal 
analgesia. It is important to emphasize that though labor anal-
gesia may reduce the risk of PPH, other contributing factors are 
the type of analgesic administered, dosage utilized, and individ-
ual patient characteristics. In addition, more research should 
be done on the correlation between labor analgesia and PPH.

Based on these significant associations, we constructed 
a nomogram that incorporates the 4 identified variables. In 
recent years, nomograms have been widely used in clinical 
research and show more real benefits than traditional scoring 
systems, which can predict the prognosis of some diseases.[34] 
The nomogram provides a graphical representation of the 
predictive model, allowing healthcare providers to estimate 
the individualized risk of PPH with preeclampsia for a given 
patient. The inclusion of the identified variables in the nomo-
gram enables a more accurate risk prediction and facilitates 
clinical decision-making.

To evaluate how the nomogram could predict well, ROC 
curves got used. The AUC values, both training set and test set, 
were worked out to see how it could discriminate. It showed 
good prediction performance, with AUC of 0.867 in training 
and 0.882 for test. These results point to the nomogram being 
capable of predicting PPH in preeclampsia cases among the 
population under study.

Besides, the nomogram calibration was checked using a 
calibration curve, and also the C-index was calculated. A cali-
bration curve is a graphical method to see how close predicted 
and observed probabilities are. The C-index, a way to measure 
the nomogram’s discrimination power,[35] showed 0.867, which 
means there was a good degree of calibration and agreement 
between what was predicted and what actually happened.

The study, in the end, led to the creation of a new nomo-
gram for risk prediction related to PPH in cases of preeclampsia. 
There were 4 variables, these being WBC count, anemia, third 
stage labor, and also labor analgesia, that came from the mul-
tivariate logistic regression, all of which formed a part of the 

Figure 5.  ROC curves evaluating the model’s discriminative ability. (A) Training dataset with an AUC value of 0.867, signifying good predictive performance. (B) 
Testing dataset with an AUC value of 0.882, indicating robust discriminatory power in differentiating the outcomes. The curves highlight the model’s effective-
ness in prediction. AUC = area under the curve, ROC = receiver operating characteristic.

Figure 6.  Calibration curve depicting the agreement between predicted probabilities and observed outcomes. The curve exhibits a C-index of 0.867, demon-
strating strong concordance and reliable prediction accuracy for the outcome of interest.
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nomogram. This tool demonstrated quite decent performance 
in prediction, supported by an ROC curve, and had calibration, 
which was described as being at a good level. It could potentially 
help healthcare providers to assess PPH risk with preeclampsia 
in those under study. Its usage is not limited, as it has potential 
across different medical settings, both high-resource and low- 
resource, being useful in guiding interventions earlier. That said, 
validation in more populations, those differing in geography, 
ethnicity, and economic conditions, would need to be carried 
out to see if the tool could apply broadly.

Limitations: The study did not consider pregnancies other 
than those with a single fetus, head down, at least at 28 weeks 
gestation, or women younger than 18. Women were also 
excluded if the pregnancy had anomalies of the fetus, chromo-
somal problems, or if there was fetal death, and cesarean sec-
tions, whether scheduled or in emergency situations, were not 
studied. As a retrospective study, it depends on medical records 
from past events, which can bring some limitations. Often the 
records could be incomplete or possibly inconsistent with details 
from the actual clinical situations, so they might contain bias, 
since the exact information at the time might have been skipped 
or even recorded incorrectly. In particular, although PPH was 
outlined in the protocol, in actual clinical practice, variability 
might have existed in how PPH was estimated. Different cli-
nicians might use methods that are not the same to calculate 
blood loss, or rely on subjective judgment when recording 
PPH. This introduces a type of measurement bias, making it 
hard to have uniformity among all practitioners, which affects 
data accuracy. Blood loss thresholds and intervention might be 
interpreted differently from 1 healthcare provider to another, 
so this introduces additional inconsistency in how PPH is man-
aged or diagnosed. These points might limit how applicable the 
results are and show that procedural differences are important 
to consider when making sense of the findings. The lack of an 
external validation cohort in our study prevented the stability 
of the model from being further verified. Future studies are rec-
ommended to validate nomogram in different populations with 
different geographic, ethnic, and socioeconomic backgrounds to 
enhance the robustness and practicality of the model.
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