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Abstract
Background Postpartum chronic pain is prevalent, affecting many women after delivery. Machine learning 
algorithms have been widely used in predicting postoperative conditions. We investigated the prevalence of and risk 
factors for postpartum chronic pain, and aimed to develop a machine learning model for its prediction.

Methods Pregnant women in our tertiary hospital were screened from July 2021 to June 2022. Postoperative pain 
intensity was assessed using the numerical rating scale at 1, 3, and 6 months after delivery. Six machine learning 
algorithms were benchmarked using the nested resampling method, and their performance was evaluated based 
on classification error (CE). The algorithm with the best performance evaluation was used to establish the model 
for predicting chronic pain 6 months after delivery. Shapley additive explanations analysis was used to assess the 
contribution of each variable to the model.

Results A total of 1,398 postpartum women were included for analysis, among whom 383 developed chronic pain 
6 months after delivery. The least absolute shrinkage selection operator identified five relevant factors: numerical 
rating scale at 3 days after delivery, body mass index before delivery, newborn weight, multiparous delivery, and back 
pain during gestation. The CEs for the algorithms were as follows: K-nearest neighbor, 0.212; logistic regression, 0.342; 
linear discriminant analysis, 0.343; naive Bayes, 0.346; ranger, 0.219; and extreme gradient boosting model, 0.147. The 
extreme gradient boosting model exhibited the best performance (CE = 0.147, F1 = 0.851) and was selected for model 
establishment. Visualization using Shapley additive explanations facilitated the interpretation of the influence of the 
five variables in the model.

Conclusions The extreme gradient boosting algorithm, which incorporates five risk factors, demonstrated strong 
performance in predicting postpartum chronic pain.

Trial registration https//www.chictr.org.cn/ (ChiCTR2300070514).

Significance
Our established machine learning algorithm may help facilitate early screening and potentially prevent the 
development of chronic pain following delivery. Additionally, our findings highlight that body weight control 
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Background
Pregnancy and lactation are specific periods for women 
of reproductive age, during which the body undergoes 
dramatic physical and emotional changes to nurture a 
fetus and breastfeed a newborn [1]. The altered physi-
cal condition makes pregnant and lactating women 
potentially vulnerable to many disorders [2]. Some 
women develop delivery-related pain, which can transi-
tion from acute to chronic pain in many cases [3]. The 
prevalence of postpartum chronic pain ranges from 4 
to 41.8% between 2 and 6 months after delivery [4], and 
the incidence is as high as 58.6% in China [5]. Postpar-
tum chronic pain can amplify postnatal stress and con-
tribute to mental health issues, such as depression and 
anxiety [6]. It imposes a heavy burden on the body and 
mind of women after delivery, as well as on their families, 
mother–infant attachment, and breastfeeding practices 
[7]. In severe cases, some women even commit suicide 
during the first year after childbirth [8]. Previous studies 
have demonstrated that timely acute and subacute pain 
evaluation and management can decrease the incidence 
of postoperative chronic pain [9]. Thus, early identifica-
tion of factors associated with the development of post-
operative chronic pain in high-risk women is necessary 
for implementing preventive strategies.

Despite the fact that chronic pain is a major cause 
of productivity loss and a large population of women 
experience postpartum chronic pain [10], few studies 
have examined the prevalence of chronic pain accord-
ing to different modes of delivery [11]. Recently, a study 
identified nine risk factors of postpartum chronic pain; 
however, the C-index was below 0.7, indicating that the 
model’s performance requires further improvement [12]. 
Another study established a prediction model using a 
machine learning algorithm; however, it included 34 risk 
factors, making it difficult to use clinically [13]. In addi-
tion, recent research highlighted fetal status as a risk 
factor for postpartum chronic pain [14], yet it has not 
been incorporated into existing predictive tools. Thus, 

establishing a predictive tool that performs well is a pri-
ority for the prediction of postpartum chronic pain.

In recent years, prediction models have been increas-
ingly used for predicting postpartum complications in 
clinical settings [15–17]. Machine learning has been 
widely used for predicting various events, demonstrating 
excellent predictive performance [18–23]. In this study, 
we benchmarked six machine learning algorithms and 
identified the best model to establish a tool for predicting 
postpartum chronic pain. We selected the features from 
demographics, history of cesarean delivery, and maternal 
and fetal status during gestation, as well as delivery- and 
surgery-related information [24, 25]. We then used Shap-
ley additive explanations (SHAP) analysis to enhance the 
interpretability of the model variables, and the SHAP 
plots visually illustrated the contribution and direction 
of influence for each feature. This approach may advance 
its utility by bridging the gap between complex machine 
learning algorithms and actionable clinical understand-
ing. Our findings may facilitate early screening and 
preventive strategies to reduce the development of post-
partum chronic pain after delivery.

Methods
Trial design
The study was conducted in accordance with the Decla-
ration of Helsinki (October 2000). The research proto-
col was approved by the Ethics Committee of Xiangyang 
Central Hospital, an affiliated hospital of Hubei Univer-
sity of Arts and Science. The clinical trial was registered 
at https://www.chictr.org.cn/ (No. ChiCTR2300070514, 
April 4, 2023). We conducted this retrospective study to 
investigate the prevalence and severity of postpartum 
chronic pain among all pregnant women who delivered at 
Xiangyang Central Hospital from July 1, 2021, to June 30, 
2022. Our study followed the STROBE statement.

Participants
The study inclusion criteria comprised pregnant women 
who were of Han nationality, had singleton births and 

during gestation and effective postpartum acute pain management are critical for preventing postpartum chronic 
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underwent vaginal delivery or cesarean delivery at our 
tertiary hospital, and who could understand our ques-
tions. The focus on Han Chinese women ensures con-
sistency in genetic, cultural, and physiological factors, 
thereby enhancing the validity and applicability of the 
findings to this demographic. Women with a fetus that 
died were excluded from the study, as their emotional 
status may have been significantly affected, potentially 
influencing the evaluation of postpartum chronic pain.

Baseline characteristics
The baseline clinical characteristics of all postpartum 
women were collected, including age, body mass index 
(BMI) before delivery, gestational age at delivery, educa-
tional background (primary school, middle school, senior 
school, or college), comorbid diseases during gestation 
(hepatic disease, renal disease, hypertension, diabetes 
mellitus [DM]), primiparous or multiparous delivery, 
history of cesarean delivery, American Society of Anes-
thesiologists (ASA) physical status, heart function, anes-
thesia (no anesthesia, intrathecal anesthesia, or general 
anesthesia), patient-controlled analgesia (PCA, classified 
as no PCA, epidural PCA [PCEA], or intravenous PCA 
[PCIA]), induced delivery, blood loss, blood transfusion, 
newborn weight, baby nursed by delivery woman, other 
member of the family, or delivery women and mem-
bers of the family, feeding pattern (breastfeeding, breast 
feeding and cow’s milk, or cow’s milk), white blood cell 
(WBC) count, neutrophil count, length of hospital stay, 
back pain during gestation, and numerical rating scale 
(NRS) at 3 days after delivery. These variables were col-
lected because they may influence the occurrence of 
postoperative chronic pain.

For peri-delivery pain control, PCEA or PCIA was 
used. Pregnant women were taught to press a button if 
their pain intensity reached a pain numerical rating scale 
(NRS) score ≥ 4. The PCEA protocol for painless delivery 
comprised 1 mg/kg ropivacaine + 10 mg azasetron + 1 µg/
kg sufentanil + normal saline (100 mL in total). The 
background rate was 4 mL/h and a 6 mL bolus with a 
15-min lockout time. The PCIA protocol for postopera-
tive analgesia comprised 3 µg/kg sufentanil + 20 mg aza-
setron + normal saline (100 mL in total). The background 
rate was 2 mL/h and a 2-mL bolus with a 15-min lock-
out time. The PCEA protocol for postoperative analgesia 
comprised 3 mg/kg ropivacaine + 20 mg azasetron + 2 µg/
kg sufentanil + normal saline (100 mL in total). The 
background rate was 2 mL/h and a 1.5-mL bolus with 
a 15-min lockout time. If the women still had an NRS 
score ≥ 4 with a maximum push of PCA, non-steroidal 
anti-inflammatory drugs were prescribed by the attend-
ing physician. Women who underwent cesarean delivery 
received urinary catheters before the surgery.

Outcomes
The NRS for pain [26, 27] is a 0–10 point scale with “0” 
indicating no pain and “10” indicating the most intense 
pain imaginable. The scale was used to evaluate postpar-
tum pain. NRS scores were collected from the electronic 
medical records on postpartum day 3 and a follow-up 
database at 1, 3, and 6 months after delivery. The state of 
pain was categorized into non-chronic pain and chronic 
pain 6 months after delivery. Postpartum pain evalua-
tions were conducted using an electronic questionnaire 
administered by a follow-up team at our hospital. The 
team developed a detailed follow-up plan to ensure that 
the follow-up was completed at a fixed time point and 
carried out by well-trained physicians. All women were 
fully educated about the follow-up process during their 
hospitalization, including approximately when they will 
receive follow-up communications after discharge.

Statistical and machine learning analysis
The least absolute shrinkage and selection operator 
(LASSO) with 10-fold cross-validation was used to ana-
lyze the factors associated with postpartum chronic pain 
using whole data. In the coefficient plot, the earlier a 
variable enters the model, the more important it is con-
sidered to be. The deviance plot displays the impact of 
changes in the number of variables on the model’s per-
formance. When the model’s performance is acceptable, 
selecting as few variables as possible helps to reduce the 
complexity of the model. In this study, coefficients at 
Lambda1se were selected for model establishment. The 
influence of the selected variables on the incidence of 
chronic pain 6 months after delivery was visualized using 
a forest plot.

To address data imbalance, a combination of over- and 
down-sampling methods was employed using the “ROSE” 
package to balance class distribution. The ROSE package 
is designed to handle binary classification problems in the 
presence of imbalanced classes [28], providing functions 
for estimation, accuracy evaluation, and remedies even in 
the presence of a rare class. Next, six machine learning 
algorithms—K-nearest neighbor (KNN), logistic regres-
sion, linear discriminant analysis (LDA), naive Bayes, 
ranger, and extreme gradient boosting (XGBoost)—were 
used to develop machine learning models, and their per-
formance was benchmarked to identify the best model. 
The performance evaluation used a nested resampling 
method. In the inner loop, a random search for param-
eters was conducted to identify the optimal hyperpa-
rameters, which were then used to train the machine 
model with the inner loop data. The model performance 
was evaluated using the outer loop data. The inner loop 
used a holdout cross-validation (ratio, 7:3) with 1,000 
iterations, and the outer loop used a 10-fold cross-vali-
dation. Several metrics were calculated to evaluate model 
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performance, including classification error, F1 score, 
areas under the receiver operating characteristic curve 
(AUC), precision and recall AUC, sensitivity, and speci-
ficity. The machine learning algorithm with the best per-
formance evaluation was used to establish the prediction 
model, and SHAP was used to interpret the impact of 
variables. SHAP value explains the impact of each fea-
ture on the outcome, and the feature importance plot 
was used to display the influence of features on the model 
prediction in a descending manner based on the average 
absolute value of SHAP.

The KNN algorithm identifies the K training samples in 
the training dataset that are analog to a given test sample 
[20]. Then, based on the classification labels of these K 
neighbors (for classification problems) or their numeri-
cal values (for regression problems), it predicts the cat-
egory or value of the test sample. The principle of LDA 
primarily relies on the idea of dimensionality reduc-
tion, aiming to maximize the between-class separability 
while minimizing the within-class variance [29]. This is 
achieved by projecting the data onto a lower-dimensional 
space, and the position of points determines the category 
of the individual. Naive Bayes assumes that features are 
independent of each other, and it calculates posterior 
probabilities through Bayes’ theorem using known prior 
probabilities and conditional probabilities [30]. Ranger is 
an ensemble learning algorithm based on decision trees, 
which improves the accuracy and stability of the model 
by constructing multiple decision trees and making pre-
dictions by voting [23]. XGBoost is an iterative optimi-
zation algorithm based on decision trees, which obtains 
the final prediction by repeatedly training and fitting the 
residuals to minimize the loss function [19].

Quantitative data are expressed as the mean (standard 
deviation) and were analyzed using one-way analysis of 
variance if normally distributed or median (interquar-
tile range, IQR) or Kruskal–Wallis tests if non-normally 
distributed among the different groups. Count data 
are expressed as number (percentage) and were ana-
lyzed using the χ2 or Fisher’s exact test. The sample size 
selected for the clinical prediction model establishment 
met the standard of 10 events per variable [31]. The sta-
tistical analysis was performed using R software (version 
4.3.1). A P-value of < 0.05 indicated a statistically signifi-
cant difference.

Results
Demographic characteristics
In this study, we screened 1636 pregnant women who 
gave birth at Xiangyang Central Hospital, among whom 
44 women were excluded from the analysis (dead fetus, 
12; parity, 32). Finally, a total of 1592 women (catego-
rized into natural delivery, 410; painless delivery, 395; and 
cesarean delivery, 787) were included in the comparison 

of postpartum chronic pain. Loss to follow-up at 1, 3, and 
6 months after delivery comprised 0, 12, and 20 women 
in the natural delivery group; 0, 11, and 20 women in 
the painless delivery group; and 0, 29, and 102 women 
in the cesarean delivery group, respectively (Fig. 1). The 
demographic and clinical characteristics of postpartum 
women according to the different modes of delivery are 
presented in Table 1.

The results showed that the proportion of multiparous 
delivery was significantly lower in the painless delivery 
group than in the natural delivery or cesarean delivery 
groups (P < 0.05). Similarly, gestational age at delivery was 
higher in the painless delivery group than in the natural 
delivery and cesarean delivery groups (P < 0.05). Preg-
nant women who underwent painless delivery had higher 
education levels than the other two groups (P < 0.05). 
Pregnant women who underwent cesarean sections had 
higher BMI before delivery and a higher prevalence of 
prior cesarean sections compared with the natural deliv-
ery and painless delivery groups (P < 0.05). With respect 
to delivery-related characteristics, the results showed 
that women who received cesarean sections had a higher 
volume of blood loss than the natural delivery and pain-
less delivery groups (P < 0.05). Newborn weight and neu-
trophils in the cesarean delivery group were higher and 
lower than those in the natural delivery group, respec-
tively (P < 0.05). NRS scores 3 days after delivery were 
higher in the cesarean delivery group than in the natu-
ral delivery and painless delivery groups (P < 0.05). The 
length of hospital stay was longer in the cesarean deliv-
ery group than in the other two groups and longer in the 
painless delivery group than in the natural delivery group 
(P < 0.05). There was no statistically significant differ-
ence among the three groups in terms of hepatic disease, 
blood transfusion, WBC, feeding pattern, or back pain 
during gestation (P > 0.05).

Women’ pain outcomes
The outcomes of postpartum chronic pain after delivery 
are shown in Table  2. The NRS scores of chronic pain 
at 1, 3, and 6 months after delivery were higher in the 
cesarean group than in the natural delivery and painless 
delivery groups (P < 0.05). The incidence of postpartum 
chronic pain at 1 (57.4% vs. 34.9% vs. 31.7%), 3 (42.6% 
vs. 30.2% vs. 25.9%), and 6 (31.2%, vs. 25.3%, vs. 22.8%) 
months after delivery was higher in the cesarean group 
than in the other two groups (P < 0.05). Low back pain 
was the most common across all three delivery groups.

Feature selection and machine learning benchmarking 
results
The women’s variables for demographics, anesthesia, 
surgery, delivery, and fetus were analyzed to identify rel-
evant factors of postpartum chronic pain 6 months after 
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delivery. LASSO identified five variables entered before 
λ1se: NRS at 3 days after delivery, BMI before delivery, 
newborn weight, multiparous delivery, and back pain 
during gestation. The coefficient lines for each variable in 
the LASSO classification and the diagram for determin-
ing the optimal penalty coefficient Lambda are shown in 
Fig. 2A and B, respectively. The influence of five variables 
on the incidence of chronic pain 6 months after delivery 
was visualized using a forest plot (Supplementary Figure 
A).

The performance evaluation of six machine learning 
methods demonstrated the following classification errors 
(CEs): KNN, 0.212; logistic regression, 0.342; LDA, 0.343; 
naive Bayes, 0.346; ranger, 0.219; and XGBoost, 0.147 

(Fig.  3). Additionally, their F1 scores were as follows: 
KNN, 0.789; logistic regression, 0.628; LDA, 0.627; naive 
Bayes, 0.629; ranger, 0.775; and XGBoost, 0.851 (Table 3). 
The CE, F1 score, AUC, precision and recall AUC, preci-
sion, recall, sensitivity, and specificity for each machine 
learning method are depicted in Table  3. The receiver 
operating characteristic curve, and precision and recall 
curve are shown in Supplementary Figures B and C, 
respectively. Of all the algorithms tested, XGBoost per-
formed the best and was chosen for model establishment. 
All hyperparameters and comparisons among six metrics 
are provided in the Supplementary text.

Fig. 1 Trial flowchart
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Natural vaginal 
delivery

Painless vaginal 
delivery

Cesarean 
delivery

F or χ2 Over-
all P

P.1 vs. 2 P.1 vs. 3 P.2 
vs. 3

N = 410 N = 395 N = 787
Age 31.0 [29.0; 34.0] 30.0 [28.0; 32.0] 32.0 [29.0; 35.0] 38.41 <0.001 < 0.001 0.038 < 0.001
Gestational age at delivery weeks 38.2 (2.39) 38.8 (1.45) 38.2 (1.63) 18.38 <0.001 <0.001 0.98 < 0.001
BMI before delivery 26.0 [24.0; 28.8] 26.0 [24.5; 28.0] 28.0 [26.0; 30.0] 49.82 <0.001 0.981 < 0.001 < 0.001
Education: 100.61 < 0.001 < 0.001 < 0.001
 Primary school 5 (1.22%) 0 (0.00%) 4 (0.51%)
 Middle school 32 (7.80%) 0 (0.00%) 30 (3.81%)
 Senior school 74 (18.0%) 70 (17.7%) 259 (32.9%)
 University 299 (72.9%) 325 (82.3%) 494 (62.8%)
Hepatic disease: 3.59 0.266 1 0.359 0.359
 No 408 (99.5%) 393 (99.5%) 776 (98.6%)
 Yes 2 (0.49%) 2 (0.51%) 11 (1.40%)
Hypertension: 21.47 <0.001 0.302 0.007 <0.001
 No 392 (95.6%) 384 (97.2%) 715 (90.9%)
 Yes 18 (4.39%) 11 (2.78%) 72 (9.15%)
DM: 31.39 <0.001 <0.001 0.358 <0.001
 No 339 (82.7%) 367 (92.9%) 632 (80.3%)
 Yes 71 (17.3%) 28 (7.09%) 155 (19.7%)
Heart function: 12.59 0.006 0.086 1 0.037
 I 0 (0.00%) 4 (1.01%) 0 (0.00%)
 II 410 (100%) 391 (99.0%) 786 (99.9%)
 III 0 (0.00%) 0 (0.00%) 1 (0.13%)
ASA: 182.46 <0.001 <0.001 < 0.001 <0.001
 I 127 (31.0%) 28 (7.09%) 65 (8.26%)
 II 273 (66.6%) 365 (92.4%) 648 (82.3%)
 III 10 (2.44%) 2 (0.51%) 74 (9.40%)
Multiparous: 135.9 <0.001 <0.001 0.345 <0.001
 No 223 (54.4%) 337 (85.3%) 404 (51.3%)
 Yes 187 (45.6%) 58 (14.7%) 383 (48.7%)
Cesarean section history: 292.5 <0.001 0.015 < 0.001 <0.001
 No 403 (98.3%) 395 (100%) 529 (67.2%)
 Yes 7 (1.71%) 0 (0.00%) 258 (32.8%)
Childbirth induction: 61.35 <0.001 <0.001 <0.001
 No 389 (94.9%) 395 (100%) 787 (100%)
 Yes 21 (5.12%) 0 (0.00%) 0 (0.00%)
Anesthesia manner: 1957.5 <0.001 0 0.058
 No anesthesia 410 (100%) 0 (0.00%) 0 (0.00%)
 Intrathecal anesthesia 0 (0.00%) 395 (100%) 779 (99.0%)
 General anesthesia 0 (0.00%) 0 (0.00%) 8 (1.02%)
PCA: 173.8 <0.001 <0.001 < 0.001 <0.001
 No PCA 410 (100%) 364 (92.2%) 677 (86.0%)
 Epidural PCA 0 (0.00%) 31 (7.85%) 8 (1.02%)
 Intravenous PCA 0 (0.00%) 0 (0.00%) 102 (13.0%)
Blood loss 100 mL 2.50 [2.00; 3.00] 2.50 [2.00; 3.00] 4.00 [3.00; 4.00] 255.46 <0.001 0.117 < 0.001 <0.001
Blood transfusion: 1.32 0.591 0.765 0.773 0.765
 No 405 (98.8%) 393 (99.5%) 779 (99.0%)
 Yes 5 (1.22%) 2 (0.51%) 8 (1.02%)
Newborn weight Kg 3.22 [2.95; 3.51] 3.25 [3.00; 3.47] 3.31 [3.04; 3.58] 7.15 0.001 0.468 0.002 0.013
Nursing staff: 26.64 <0.001 <0.001 0.001 0.071
 Delivery women 130 (31.7%) 118 (29.9%) 217 (27.6%)
 Other members 87 (21.2%) 39 (9.87%) 115 (14.6%)
 Delivery women and other
 members

193 (47.1%) 238 (60.3%) 455 (57.8%)

Table 1 Patients’ baseline characteristics
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SHAP analysis of the prediction model
SHAP analysis was used to visualize the XGBoost model, 
with plots reflecting the influence of each feature and 
the direction of its impact. The horizontal axis shows 
SHAP values, whereas the vertical axis displays the five 
identified variables (Fig. 4A). Back pain during gestation, 
NRS at 3 days after delivery, multiparous delivery, new-
born weight, and body mass index before delivery are the 
five most significant factors in predicting chronic pain 6 
months after delivery. For instance, the SHAP plot reveals 
that a higher pain score 3 days after delivery is associated 
with a significant positive SHAP value, indicating that 

effective management of acute postpartum pain effec-
tively could reduce the risk of chronic pain development. 
Similarly, positive SHAP values for back pain during ges-
tation are associated with an elevated risk of postpartum 
chronic pain, suggesting that controlling back pain dur-
ing pregnancy may serve as a preventive measure. Fur-
thermore, the feature ranking of the y-axis indicates the 
feature importance in our prediction model (Fig.  4B). 
Five features were shown in descending order, evaluated 
by the average absolute SHAP values of the model.

Table 2 Patients’ chronic pain outcomes
Natural vaginal 
delivery

Painless vaginal 
delivery

Cesarean 
delivery

F or χ2 Over-
all P

P.1 
vs. 2

P.1 vs. 3 P.2 
vs. 3

Pain site 6 months after delivery 37.80 0.748 <0.001 0.001
 No 292 (77.2%) 272 (74.7%) 451 (68.8%)
 Low back pain 46 (12.2%) 56 (15.4%) 165 (25.2%)
 Pelvic pain 22 (5.82%) 22 (6.04%) 22 (3.35%)
 Incision pain 17 (4.50%) 13 (3.57%) 14 (2.13%)
 Other pain 1 (0.26%) 1 (0.27%) 4 (0.61%)
NRS_1_month 0.00 [0.00; 3.00] 0.00 [0.00; 3.00] 3.00 [0.00; 5.00] 106.25 <0.001 0.219 <0.001 0.001
NRS_3_month 0.00 [0.00; 1.50] 0.00 [0.00; 2.00] 0.00 [0.00; 3.00] 41.67 <0.001 0.213 <0.001 0.001
NRS_6_month 0.00 [0.00; 0.00] 0.00 [0.00; 2.00] 0.00 [0.00; 2.00] 10.57 <0.001 0.423 0.001 0.006
Chronic pain 1 month after delivery 94.47 <0.001 0.370 < 0.001 < 0.001
 No 280 (68.3%) 257 (65.1%) 335 (42.6%)
 Yes 130 (31.7%) 138 (34.9%) 452 (57.4%)
Chronic pain 3 months after delivery 37.61 <0.001 0.205 < 0.001 < 0.001
 No 295 (74.1%) 268 (69.8%) 435 (57.4%)
 Yes 103 (25.9%) 116 (30.2%) 323 (42.6%)
Chronic pain 6 months after delivery 9.82 0.007 0.472 0.013 0.078
 No 292 (77.2%) 272 (74.7%) 451 (68.8%)
 Yes 86 (22.8%) 92 (25.3%) 205 (31.2%)
Natural vaginal delivery versus painless vaginal delivery, P.1 versus 2; natural vaginal delivery versus cesarean delivery, P.1 versus 3; and natural vaginal delivery 
versus cesarean delivery, P.3 versus 3

Abbreviations: NRS: Numerical Rating Scale of Pain

Natural vaginal 
delivery

Painless vaginal 
delivery

Cesarean 
delivery

F or χ2 Over-
all P

P.1 vs. 2 P.1 vs. 3 P.2 
vs. 3

N = 410 N = 395 N = 787
Feeding_pattern: 5.95 0.203 0.281 0.281 0.347
 Breast milk 226 (55.1%) 218 (55.2%) 406 (51.6%)
 Breast and cow’s milk 122 (29.8%) 134 (33.9%) 275 (34.9%)
 Cow’s milk 62 (15.1%) 43 (10.9%) 106 (13.5%)
WBC 8.70 [7.34; 10.6] 8.60 [7.60; 10.4] 8.51 [7.40; 10.0] 1.21 0.377 0.865 0.386 0.386
Neutrophil 6.50 [5.20; 8.19] 6.40 [5.40; 7.80] 6.20 [5.20; 7.41] 5.44 0.01 0.849 0.022 0.022
Hospital stay 3.00 [2.00; 4.00] 4.00 [3.00; 5.00] 5.00 [4.00; 6.00] 92.58 <0.001 <0.001 < 0.001 <0.001
NRS 3 day after delivery 2.00 [2.00; 3.00] 3.00 [2.00; 3.00] 4.00 [4.00; 6.00] 567.12 <0.001 0.377 < 0.001 <0.001
Back pain during gestation: 1.35 0.509 0.702 0.702 0.702
 No 210 (51.2%) 196 (49.6%) 418 (53.1%)
 Yes 200 (48.8%) 199 (50.4%) 369 (46.9%)
Natural vaginal delivery versus painless vaginal delivery, P.1 versus 2; natural vaginal delivery versus cesarean delivery, P.1 versus 3; and natural vaginal delivery 
versus cesarean delivery, P.3 versus 3

Abbreviations: BMI, body mass index; DM, diabetes mellitus; PCA, patient-controlled analgesia; and WBC, white blood cell

Table 1 (continued) 
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Fig. 3 Classification error of benchmarking six machine learning algorithms

 

Fig. 2 Feature selection for postpartum chronic pain 6 months after delivery with LASSO. (A) The influence of a variable entered into the model earlier 
is greater than that of a variable entered later. (B) Different values of λ are shown on the x-axis, and the binary deviance is shown on the y-axis. λ min to 
1se indicates the acceptable variable
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Discussion
Our study demonstrated that pregnant women who 
underwent cesarean delivery developed a higher inci-
dence of postpartum chronic pain than women who 
underwent natural delivery and painless delivery. Addi-
tionally, NRS at 3 days after delivery, BMI before deliv-
ery, newborn weight, multiparous delivery, and back pain 
during gestation were risk factors for postpartum chronic 
pain. Benchmarking of six machine learning algorithms 
identified that XGBoost was superior to the other five 
algorithms. Consequently, the XGBoost algorithm was 
used to establish a prediction model, and visualization 
using SHAP provided valuable insights for interpreting 
the model.

A comparison of the delivery modes revealed that 
women in the cesarean delivery group were older, had a 
shorter gestational period, and delivered heavier new-
borns. These outcomes may be explained by several fac-
tors. Older mothers often have more health problems, 
leading them to opt for cesarean deliveries to prioritize 
fetal safety. Additionally, the cesarean section group had 
a lower gestational age, which may be because these 
women had more pre-delivery complications, including 

hypertension and DM. DM [32] and hypertension [33] 
suggest a poorer physical condition before delivery and 
may result in a cesarean section to terminate pregnancy 
early. Furthermore, the cesarean section group had 
higher fetal weight, and a large fetus may result in diffi-
culties in the birth canal, and these women may have to 
undergo cesarean section delivery.

Postpartum chronic pain has become a major long-
term health problem among women after delivery, 
negatively affecting their health status [34]. Our results 
showed that the incidence of chronic pain 6 months after 
delivery is 20–30% and that most women experience low 
back pain and pelvic pain. The high prevalence of chronic 
postpartum pain affects postpartum physical and men-
tal health, including anxiety and depression. Previous 
studies have reported that 68%, 43%, and 20% of women 
report persistent low back pain and pelvic pain beyond 3 
months, 6 months, and 3 years after delivery [14, 35, 36]. 
Our findings align with those of previous studies, high-
lighting the significant burden of postpartum chronic 
pain. Moreover, our results showed a higher incidence 
of postpartum chronic pain after cesarean delivery. Two 
previous studies have reported similar results indicating 

Table 3 Performance evaluation of six machine learning algorithms
CE F1 score AUC PRAUC Precision Recall Sensitivity Specificity

KNN 0.212 0.789 0.862 0.817 0.751 0.830 0.830 0.751
Logistic 0.342 0.628 0.719 0.676 0.652 0.606 0.606 0.706
LDA 0.343 0.627 0.720 0.675 0.648 0.607 0.607 0.702
Naive bayes 0.346 0.629 0.711 0.660 0.642 0.616 0.616 0.689
Ranger 0.219 0.775 0.856 0.834 0.757 0.794 0.794 0.771
xgboost 0.147 0.851 0.876 0.821 0.822 0.882 0.882 0.827
Abbreviations: Areas under the curve, AUC; Classification error, CE; K-nearest neighbor, KNN; linear discriminant analysis, LDA; Precision and recall areas under the 
receiver operating characteristic curve, PRAUC

Fig. 4 Interpretation of the xgboost models using SHAP. (A) SHAP summary point. (B) feature importance of the variables in the xgboost
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that cesarean section is associated with a higher inci-
dence of postpartum chronic pain [37, 38]. Thus, women 
who undergo a cesarean delivery are at a higher risk of 
developing postpartum chronic pain.

LASSO can extract the most meaningful features from 
the data, reducing complexity, multicollinearity, and 
overfitting of the prediction model. In this study, LASSO 
identified six risk factors that were used to develop 
machine learning prediction models. Machine learn-
ing algorithms have been frequently used for predicting 
various perioperative events [39, 40]. However, in this 
study, we used six machine learning algorithms to pre-
dict postpartum chronic pain, and the benchmarking 
results showed that XGBoost had the best performance 
evaluation. For XGBoost, the metrics indicated a good 
performance, with a CE below 0.2, an F1 score exceed-
ing 0.8, and an AUC above 0.8. The machine learning 
algorithm XGBoost excels at handling complex feature 
interactions and nonlinear relationships within datasets. 
Its ensemble approach combines multiple decision trees, 
effectively capturing intricate interactions and dependen-
cies, thereby enhancing predictive accuracy. Additionally, 
XGBoost’s built-in regularization techniques help miti-
gate over-fitting, ensuring robust performance even with 
relatively small or imbalanced datasets. Considering the 
superiority of XGBoost, we established a prediction tool 
using this algorithm and performed a SHAP analysis to 
aid the interpretation of the model. Our model’s advan-
tage lies in its ability to screen women at risk for chronic 
pain early, enabling clinicians to implement preven-
tive strategies to reduce the development of postpartum 
chronic pain.

Our results showed that back pain during gestation and 
pain intensity 3 days after delivery contribute to postpar-
tum chronic pain. Previous studies have demonstrated 
that both preoperative pain and postoperative acute 
pain are risk factors for postoperative chronic pain [41]. 
Perioperative pain results in an increased incidence of 
chronic pain due to the priming effect of pain signal path-
ways in the central nervous system [42, 43]. A peri-deliv-
ery study has identified that back pain during pregnancy 
contributes to the development of chronic pain [44], 
whereas insufficient pain control after delivery increases 
the likelihood of postpartum chronic pain [45]. Although 
postpartum acute pain can be controlled effectively in the 
hospital, managing pain after discharge remains a chal-
lenge. Recently, a study proposed that a transitional fol-
low-up of high-risk women 4–6 weeks after delivery may 
help to overcome the disconnect between ward-based 
postoperative acute pain management and outpatient 
chronic pain management [41]. Thus, early identifica-
tion of perioperative risk factors and implementation of 
preventative strategies in women at the highest risk may 

result in a reduction in the incidence of chronic postop-
erative pain [46, 47].

Our study indicated that newborn weight is a risk fac-
tor for postoperative chronic pain. This may be because 
higher newborn weight increases the pressure on the 
lower back and pelvic structures during pregnancy com-
pared with lower newborn weight. Larger newborns may 
also increase birth canal pressure during delivery, which 
may result in pelvic muscle injury [14]. Similarly, we 
found that BMI is a risk factor for postpartum chronic 
pain. This may be explained by the fact that obesity dur-
ing pregnancy increases the incidence of lower back 
muscle stress and results in chronic low back muscle 
injury. Interestingly, another study identified that exces-
sive weight gain contributes to the development of post-
partum chronic pain [36]. The results suggest that a 
weight gain of less than 15 kg does not increase the risk 
of postpartum chronic pain. Furthermore, we identi-
fied multiparous deliveries as a risk factor for postpar-
tum chronic pain. This may be because pregnancy- and 
delivery-related body injuries have an accumulative and 
priming effect on the next pregnancy. A previous study 
using an algorithm identified that cesarean section is the 
most important risk factor for postpartum chronic pain 
[13]. Consistently, our results showed that the cesarean 
group had a higher incidence of chronic pain. However, 
multivariable analysis has demonstrated that acute pain, 
rather than delivery mode, is a contributor to postpartum 
chronic pain. This outcome may be explained by the fact 
that cesarean surgery causes more severe tissue damage 
and inflammation and enhanced postoperative acute pain 
[45].

The findings of this study summarize the predictive 
capabilities of the tool in identifying high-risk individu-
als with postpartum chronic pain. However, it is equally 
important to translate these findings into clinical utility. 
During pregnancy, it is essential to provide comprehen-
sive prenatal education, including personalized dietary 
plans and regular weight monitoring, to prevent excessive 
nutrition and obesity. Additionally, encouraging appro-
priate physical activity during pregnancy and advising 
patients to seek medical interventions for back pain could 
be considered. Moreover, for fetuses that are severely 
overweight, a cesarean section may be recommended 
before delivery to prevent pelvic nerve plexus injury 
and birth canal trauma. Postoperatively, implementing 
multimodal analgesia after delivery is recommended to 
reduce pain intensity, alleviate psychological stress, and 
ensure early intervention for moderate to severe pain. 
By integrating this strategy into routine clinical practice, 
healthcare providers can shift from a reactive to a proac-
tive approach, ultimately preventing the development of 
postpartum chronic pain.



Page 11 of 12Liu et al. BMC Medical Informatics and Decision Making          (2025) 25:168 

Strengths and limitations
In our research, we identified five risk factors used for 
prediction model establishment. According to the rule 
of 10 events per variable, the incidence of postpartum 
chronic pain is approximately 20%; therefore, the sam-
ple size should be not less than 250 women. Indeed, our 
study included 1,398 patients, making it statistically pow-
erful enough to detect meaningful differences. However, 
we must acknowledge some limitations of the study. First, 
this was a retrospective study; much information on pre-
operative variables, perioperative care, surgery, and anes-
thesia could not be identified accurately and included for 
analysis. Second, the retrospective design carries inher-
ent limitations, such as selection bias and recall bias. 
These biases occur when the samples are not representa-
tive or when inaccuracies arise in self-reported data. Pro-
spective studies, which use representative sampling and 
standardized data collection protocols and aim to mini-
mize reliance on participants’ memory, could potentially 
enhance the reliability and accuracy of results. Third, 
the data in our study had an unbalanced study popula-
tion (1,398 postpartum women, of whom 383 developed 
chronic pain). An unbalanced dataset, although managed 
with statistical methods, may lead to biased predictions 
and misleading evaluation metrics, increasing the risk 
of overfitting the majority class. Fourth, some women 
chose their delivery mode, whereas a small proportion 
of women had to receive cesarean delivery due to their 
physical status and comorbidities; this may result in 
selection bias and skew the generalizability of the find-
ings. Lastly, more patients in the cesarean section were 
lost to follow-up, and the reason for this is unknown. 
Loss to follow-up may result in selection bias and reduce 
the reliability of the outcomes.

Conclusions and implications
In this study, we identified six risk factors for postpartum 
chronic pain. We then established a machine learning 
algorithm for predicting postpartum chronic pain with 
good performance evaluations. The established predic-
tion model may be useful for early screening of high-
risk women and implementing preventive strategies for 
decreasing the incidence of postpartum chronic pain.

In the future, our results should be validated in a well-
designed prospective study to rigorously assess the gen-
eralizability and robustness of the model. Additionally, 
incorporating additional features such as psychosocial 
factors could improve the predictive performance of 
the model. Moreover, the application of our prediction 
model in clinical decision-making for postpartum care 
should be prioritized. By addressing these steps, we can 
move closer to translating our research into actionable 
solutions that prevent the development of postpartum 
chronic pain.
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