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A B S T R A C T

Background: Postpartum stress urinary incontinence significantly impacts the quality of life and
the physical and mental health of women. A reliable predictive model for postpartum stress
urinary incontinence can serve as a preventive tool. Currently, there have been numerous studies
developing predictive models to assess the risk of postpartum stress urinary incontinence, but the
quality and clinical applicability of these models remain unknown.
Objective: To systematically review and evaluate existing models for predicting stressful post-
partum risks.
Methods: PubMed, EBSCO, The Cochrane Library, Embase, Web of Science, China National
Knowledge Infrastructure, WanFang Data, SinoMed, and VIP Data databases were systematically
searched from the time of database construction to October 2023. Two researchers used Critical
appraisal and data extraction for systematic reviews of prediction modeling studies: the CHARMS
checklist for data extraction. Three researchers used The Prediction Model Risk of Bias Assess-
ment Tool (PROBAST) checklist for bias and applicability assessment.
Results: Eight papers including ten postpartum stress urinary incontinence prediction models were
finalized. The most common predictors in the prediction models were urinary incontinence (UI)
during pregnancy, followed by mode of delivery, Maternal age, parity, and UI before pregnancy.
Nine of the prediction models reported discrimination with an area under the ROC curve (AUC) or
C-index between 0.680 and 0.850. All included studies were at high risk of bias, mainly due to
mishandling of continuous predictors, unreported or mishandled missing data, and inadequate
assessment of predictive model performance.
Conclusions: Postpartum stress urinary incontinence risk prediction models are in the initial
development stage, and existing prediction models have a high risk of bias and poor modeling
methodological quality, which may hinder their clinical application. In the future, healthcare
practitioners should follow the norms of predictive model development and reporting to develop
risk prediction models with superior predictive performance, low risk of bias, and easy clinical
application.
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1. Background

Postpartum stress urinary incontinence is the first occurrence of involuntary loss of urine during exertion or physical labor
(including physical activity), sneezing, or coughing during the postpartum period and up to 12 months postpartum [1]. It is a common
pelvic floor dysfunction disorder, along with postpartum fecal incontinence and pelvic organ prolapse [1]. Postpartum stress urinary
incontinence occurs in close association with pregnancy and childbirth [2]. It may be related to the damage to the pelvic floor structure
caused by pregnancy and childbirth and the hormonal changes resulting in decreased pelvic floor muscle strength, ligament laxity, and
abnormal urethral contractile function, among other factors [3–5]. Studies report varying prevalence rates of postpartum stress urinary
incontinence, ranging from 16.41 % to 31 %, with an increasing incidence observed with age [6–8]. In addition, studies have shown
that among womenwho reported symptoms of stress urinary incontinence (SUI) at 3months postpartum, SUI symptoms persisted up to
12 years postpartum, and the prevalence of persistent SUI at 6 and 12 years postpartum was 24 % and 37.9 %, respectively [9,10].
Although postpartum stress urinary incontinence is a relatively common condition, it is not a fatal or life-threatening disease. How-
ever, it is a growing global public health problem, as it often hurts the quality of life and affects several aspects of physical activity and
emotional relationships, and treatment is expensive and burdensome for both families and society [11–13]. Despite these effects, lack
of awareness of the disease, shame, and finances result in only a small percentage of people with postpartum stress urinary inconti-
nence seeking medical help or discussing their problems with their partners and relatives [12–14].

The prevention and treatment of postpartum stress urinary incontinence should emphasize early screening, early diagnosis, and
early treatment integrated comprehensive management. There are numerous of risk factors for postpartum stress urinary incontinence,
including vaginal delivery, advanced age, high body mass index (BMI), excessive weight gain during pregnancy, episiotomy, forceps
delivery, and UI during pregnancy [7,15]. Early screening and identification of pregnant women who have not yet developed post-
partum stress urinary incontinence, coupled with the effective management of controllable risk factors (including high BMI, excessive
weight gain during pregnancy, etc.) to reduce the incidence of postpartum stress urinary incontinence [16]. Currently, prediction
models that combine multiple variables to estimate individual risk can help healthcare workers screen people at high risk of post-
partum stress urinary incontinence, but most of the existing research focuses on the development or validation of prediction models,
and the quality and applicability of the prediction models are still unknown, making it difficult for healthcare workers to choose the
appropriate prediction model to accurately identify people at high risk of postpartum stress urinary incontinence and tailor in-
terventions accordingly.

The objective of this systematic review is to comprehensively gather studies on postpartum stress urinary incontinence risk pre-
diction models. Our aim is to systematically summarize, compare, and analyze these models with regard to their fundamental features,
construction methods, predictive factors, model performance, and methodological quality. This effort is geared towards providing
accurate guidance for clinical practitioners in selecting appropriate postpartum stress urinary incontinence prediction models.
Furthermore, the review seeks to contribute to the enhancement and optimization of these prediction models.

2. Methods

The protocol of our systematic review was registered in the International Prospective Registry of Systematic Reviews (PROSPERO)
database under the number CRD42023470416. We reported this review according to the guidelines of the Preferred Reporting Items
for Systematic Reviews and Meta Analyses (PRISMA) [17].

2.1. Data sources and search strategy

We systematically searched nine databases, PubMed, EBSCO, The Cochrane Library, Embase, Web of Science, China National
Knowledge Infrastructure（CNKI）, WanFang Data, SinoMed and Technology Journal Database (VIP), with a time frame of database
construction to October 2023. The keywords used in the search included medical subject headings (MESH) and the following entry
terms combined with synonyms: “Postpartum”, “Puerperium”, “Postnatal”, “Stress urinary incontinence”, “Score*”, “Predict*”,
“Model?”, “validity”, “nomogram?”. Our search was limited to titles and abstracts, and we screened the reference lists of all original
literature to identify any potentially relevant studies. Detailed strategies for retrieval use can be found in the supplementary material.

The PICOTS system recommended by the Critical Appraisal and Data Extraction for Systematic Reviews of Prediction Modelling
Studies (CHARMS) checklist was used in our systematic review [18]. It helped us to define the purpose of the review, develop a search
strategy for the studies, and inclusion and exclusion criteria [19]. The key items of this systematic review are described below:

P (Population): Adult women (age ≥18 years) presenting with stress urinary incontinence after childbirth.
I (Intervention model): Developed and published a predictive model for the risk of postpartum stress urinary incontinence (pre-

dictor ≥2).
C (Comparator): None.
O(Outcome): Outcome was defined as post-partum symptoms of stress incontinence.
T (Timing): Outcomes were predicted based on general maternal demographics, information on the gestation period, and delivery

information.
S (Setting): The use of risk prediction models is to individualize the prediction of postpartum stress urinary incontinence and to

implement timely interventions for pregnant women.
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2.2. Inclusion and exclusion criteria

Studies were included if they met the following criteria: (1) target population: adult women (age≥18 years) who were postpartum,
including vaginal or cesarean deliveries; (2) study content: development of the postpartum stress urinary incontinence prediction
model (with or without external validation), external validation of the postpartum stress urinary incontinence prediction model (with
or without updating); and (3) study design: prospective cohort, retrospective cohort, nested case-control or case-cohort studies, cross-
sectional designs, randomized trials. (4) Predicted outcome: postpartum stress incontinence, regardless of degree.

Studies were excluded if they were (1) studies of postpartum stress urinary incontinence predictors and risk factors only, without
constructing a predictive model; (2) studies that validated the original predictive model only; (3) studies for which the full text was not
available; (4) studies reported in the form of headlines, abstracts, letters, conference announcements, or draft interventions; (5)
duplicated publications; and (6) non-English-language literature.

2.3. Study selection

2 researchers (WLY and ZMH) independently screened studies in the database based on inclusion and exclusion criteria. Duplicate
studies were first removed. Secondly, irrelevant studies were excluded by reading the titles and abstracts. We then performed full-text
reading to determine eligibility for inclusion in the systematic evaluation, and we also checked the reference study lists of eligible
studies for any potentially relevant studies. In the event of disagreement, the decision to select studies was made after discussing the
disagreement with a third researcher (QYQ) on our review panel.

2.4. Data extraction

After identifying studies for inclusion, 2 researchers (WLY and DQQ) independently performed data extraction and cross-checking
according to the Critical appraisal and data extraction for systematic reviews of prediction modeling studies: the CHARMS checklist
[18]. The extraction included: first author, country, year of publication, type of study, target population, candidate variables, modeling
sample size, missing data and treatment, modeling method, model performance, presentation format, and predictors.

2.5. Assessment of risk of bias

Predictive model risk of bias was independently assessed by 3 researchers (WLY, ZMH, and QYQ) using the PredictionModel Risk of
Bias Assessment Tool (PROBAST) [20]. The PROBAST risk of bias assessment encompassed 4 domains: participant, predictor, outcome,
and analysis, with a total of 20 signaling questions. The applicability assessment includes 3 domains: participant, predictor, and
outcome. The answer to each question is "yes," "probably," "no information," "no," or "may or may not". "possible", and the risk of bias
and applicability for each domain was judged to be high, low, or unclear. When all domains in a study were rated as low risk, the
overall risk of bias was low; when one or more domains were rated as high, the overall risk of bias was high. A study was considered to
have an unclear risk of bias when one or more domains were considered unclear, while other domains were assessed as low risk. When
there was disagreement, the disagreement was resolved through discussion with the panel.

2.6. Data synthesis

We conducted a descriptive analysis of the included studies using a tabular format to synthesize key features of the predictive
model. The table summarizes the data sources of the included studies, including characteristics such as country of study, participants,
study design, and sample size. Additionally, it outlines the candidate predictors for the predictive model, methods for processing
continuous predictors, techniques for predictor selection, approaches to handling missing data, methods for constructing the model,
presentation of the model, and strategies for model validation. Finally, we summarized that the predictive performance of the post-
partum stress urinary incontinence prediction model is assessed from two main perspectives: discrimination and calibration. We use
the area under the curve or C-statistic to assess the discrimination of the prediction model, when the area under the curve or C-statistic
>0.7 indicates that the postpartum stress urinary incontinence prediction model has good discrimination. The calibration of the
postpartum stress urinary incontinence prediction model was assessed using calibration plots or the Hosmer-Lemeshow test, and when
the Hosmer-Lemeshow test P > 0.05 or the calibration slope was close to 1 indicated a good model fit. Due to the heterogeneity of the
included studies (participants, predictors, clinical background), we decided not to perform a meta-analysis first.

3. Results

3.1. Search results

We used the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 flowchart to describe the
retrieval process and results of this systematic review (see Fig. 1). We initially retrieved 3063 records and firstly removed 1099 du-
plicates and then remained 1964 studies. We further screened researches by title and abstract, and after removing 1929 irrelevant or
ineligible records, the remaining 35 documents were further evaluated by full-text reading. In the subsequent evaluation we excluded
28 studies that did not meet the inclusion criteria and finally included and analyzed 8 studies with a total of 10 predictive models for
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analysis [21–27].

3.2. Characteristics of model development for inclusion in the study

3.2.1. Summary of design and participant characteristics of included studies
Table 1 summarizes the design and participant characteristics of a total of 10 prediction models from the 8 studies we included.

They were published in 2012–2013, of which 5 studies (n = 62.5 %) [22,23,25–27] were developed based on Chinese populations, 1
study (n= 12.5 %) [24]was developed based on US populations, and 2 study (n= 14.2 %) [21,28] was developed in Brazil. Most of the
predictive models were developed based on cohort studies, of which 4 studies were (n= 50 %) [22,24–26] prospective cohort studies,
2 studies (n = 25 %) [23,27] were retrospective cohort studies, 1 study (n = 12.5 %) [28] was a case-control study, and 1 study (n =

12.5 %) [21]was a cross-sectional study. 3 studies (n = 37.5 %) [22–24]were multicenter studies, and 5 studies (n = 62.5 %) [21,
25–28]were single-center studies. 3 studies (n = 37.5 %) [21,23,24] targeted only primigravid women, 4 studies (n = 50 %) [25–28]
included primigravid women together with menstruating women, and in addition, 1 study (n = 12.5 %) [22] had separate prediction
models for primigravid women and menstruating women. Their prediction times ranged from 42 days to 7 months postpartum.

Regarding the predicted outcome, although the measurement tools used varied among the studies, the measurements were made by
asking the patients in different ways (telephone, interview or questionnaire, etc.) whether they had involuntary urine outflow during
the postpartum period of increased intra-abdominal pressure, and the predicted outcome was the same in all studies.

All studies reported the sample size required to construct the predictive model, which ranged from 192 to 1441, and the number of
participants with postpartum stress incontinence ranged from 32 to 431. With the exception of Jelovsek’s study [24], all studies re-
ported the number of candidate predictors, and the number of predictors ultimately included in each predictive model ranged from 4 to
13, covering 29 different prenatal, intrapartum, and postpartum factors. The most common predictor was UI during pregnancy (n= 7,
24.13 %), followed by mode of delivery (n = 6, 20.69 %), Maternal age (n = 5, 17.24 %), parity (n = 5, 17.24 %), and UI before

Fig. 1. Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) flowchart of literature search and selection.
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Table 1
Overview of basic data of the included studies.

Author (year) Country Study design Participants Data source Timing of
Prediction

Main
outcome

Outcome Measurement
Methods

Number of
participants
modeling/
number of
events (EPVs)

Number of
candidate
predictors/
predictors
included in the
final model

Predictors

Jelovsek (2013) America Prospective
cohort study

Primiparous women who
delivered a child at 37
weeks or more of
pregnancy

the publicly
available data from
the Pelvic Floor
Disorders Network
Childbirth and
Pelvic Symptoms
Study (CAPS)

6 months
postpartum

PSUI Medical, Epidemiological,
and Social Aspects of Aging
Questionnaire (MESA)

921/237 antepartum
models：-/7
antepartum plus
L&D models：-/
13

antepartum models：
race、UI before
pregnancy、UI during
pregnancy、Pre-
pregnancy BMI、
Predelivery BMI、
Maternal age、Planned
Mode of Delivery
antepartum plus L&D
models：Duration of
second stage of labor、
Urinary incontinence
before pregnancy、
Urinary incontinence
during pregnancy、Mode
of delivery
、Episiotomy、Perineal
laceration degree、infant
weight、Fetal head
circumference、Fetal
head position at
crowning、Race、Pre-
pregnancy BMI、
Predelivery BMI、
Maternal age

Leroy (2016) Brazil Case-control
study

women with up to 90
days
postpartum

the obstetrics
outpatient facility
of a public tertiary
teaching hospital
in the state of São
Paulo, Brazil

90 days
postpartum

PSUI International Consultation on
Incontinence Questionnaire –
Short Form (ICIQ-SF)

344/77（EPV
＞20）

14/4 UI during pregnancy、
multiparity、gestational
age at birth greater or
equal to 37 weeks、
constipation

Xu (2023) China Retrospective
study

women with singleton,
full-term, and vaginal
deliveries

a tertiary
specialized
hospital in
Shanghai, China

42–100 days
postpartum

PSUI International Consultation on
Incontinence Questionnaire-
Urinary Incontinence Short
Form (ICIQ-UI-SF)

2441/431
（EPV＞20）

17/5 Maternal age, parity,
second stage of labor,
infant weight, and forceps
delivery

Chen (2020) China Prospective
cohort study

singleton pregnant
women without
incontinence before
pregnancy who were 18
years or older

2 hospitals in
Shenzhen, China

6 weeks
postpartum

PSUI Question the mother about
whether she experiences
involuntary urine loss during
physical activity or when
coughing or sneezing

primiparous
women:393/49
(EPV＞20）
multiparous
women:334/67
（EPV＞20）

Model of
primiparous
women:13/4
Model of
multiparous
women:13/4

Model of primiparous
women: Maternal age,
abortion/miscarriage
history, SUI during
pregnancy, mode of
delivery
Model of multiparous
women: pre-pregnancy
BMI, abortion/

(continued on next page)
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Table 1 (continued )

Author (year) Country Study design Participants Data source Timing of
Prediction

Main
outcome

Outcome Measurement
Methods

Number of
participants
modeling/
number of
events (EPVs)

Number of
candidate
predictors/
predictors
included in the
final model

Predictors

miscarriage history, SUI
during pregnancy, mode
of delivery

Cheng (2022) China Retrospective
study

Women 42 days after
delivery

postpartum health
care clinics in 3
hospitals in
Fuyang, China

42 days
postpartum

PSUI According to the Guidelines,
“urine overflows when
abdominal pressure increases
in a variety of degrees, such as
laughing, coughing, sneezing
or walking, and the urine flow
stops immediately when the
pressure is stopped”

360/90(EPV
10–20)

23/7 Gravidity、Residence、
Occupation during
pregnancy、Education、
Monthly income、Mode
of delivery、Oxytocin

Wang (2022) China Prospective
cohort study

Women over 18 years of
age with singleton and
full-term pregnancies

the obstetric wards
of a tertiary
maternity hospital
in Hangzhou, a
provincial capital
city in eastern
China

6–8 weeks
after birth

PSUI International Consultation on
Incontinence Questionnaire-
Urinary Incontinence Short
Form (ICIQ-UI-SF)

830/188(EPV
＞20)

13/7 Mode of delivery, UI
before pregnancy, UI
during pregnancy, place of
residence, feeding pattern,
parity, Maternal age

Liu (2022) China Prospective
cohort study

Singleton pregnant
women aged ≥18 years

birth in the
Department of
Obstetrics and
Gynecology at
Beijing Friendship
Hospital

6–12 weeks
postpartum

PSUI Questions about urine leakage
from activities such as
coughing, sneezing, or
running in women

255/105(EPV
＞20)

10/5 Maternal age, parity,
vaginal delivery (mode of
delivery), bladder neck
descent (BND), angle of
internal urethral orifice
funnel

Baracho (2012) Brazil Cross sectional
study

primiparous women
aged 18–35 years old
who underwent a
singleton vertex
presentation vaginal
delivery at term, had no
history of abortion, and
attended a postpartum
visit at 5–7 months after
delivery

Dr. David
Capistrano’s
birthing center of
the Sofia Feldman
Hospital (Belo
Horizonte, Minas
Gerais, Brazil)

5–7months
postpartum

PSUI International Consultation on
Incontinence Questionnaire-
Urinary Incontinence Short
Form (ICIQ-UI-SF)

192/32(EPV
10–20)

15/4 PFM strength, prior SUI,
infant weight, and new
onset of SUI in pregnancy

PSUI: Postpartum stress urinary incontinence; “-”, not reported.
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pregnancy (n = 4, 13.79 %). Some predictors that were not known antenatally were also included in the existing prediction model,
such as newborn weight (n = 3, 10.34 %), duration of the second stage of labor (n = 2, 0.69 %), use of oxytocin (n = 1, 0.34 %), and
feeding mode (n = 1, 0.34 %).

The number of events per variable (EPV) in the prediction model, i.e., the number of outcome events relative to the number of
candidate predictors, was greater than 10 in all studies (n = 7, 87.5 %) except for the one of Jelovsek [24], which could not calculate
the number of events per variable because the number of candidate predictors was not reported.

3.2.2. Derivation of predictive models
For model development, all studies used logistic regression to construct predictive models except Baracho [21] who used Classi-

fication and Regression Tree. For the selection of predictors prior to modeling the most common (n= 6, 75 %) was univariate analysis,
in Jelovsek’s study [24] the selection of predictors was based on the published literature and biological plausibility as well as their
availability in the existing predictors was based on the published literature and biological plausibility as well as their availability in the
availability of existing labor and pelvic symptom study datasets, the selection of candidate predictors in wang’s study [26] (n = 12.5
%) was based on literature review, statistical analysis, and clinical reasoning. Although screening predictors based on univariate
significance tests was common. This bias arises when predictors included in the model exhibit spurious associations with outcomes,
increasing the risk of overfitting. Themost commonmethod (n= 7, 87.5%) for predicting the identification of the final predictors to be
included in the predictive modeling was multivariate logistic regression, with 3 studies (n = 37.5 %) using backward stepwise
regression, and the remaining 4 studies (50 %) did not report on the specific method used.

Regarding the treatment of continuous variables, all included studies included continuous variables. Notably, Jelovsek’s study [24]
(n = 1, 12.5 %) did not report the treatment of continuous variables., Leroy’s study [28] (n = 1, 12.5 %) divided the continuous
variables into two or categorized them. The rest of the studies (n = 6, 75 %) divided some of the continuous variables into two or
categorized them. Regarding the treatment of missing data, 3 studies (n= 37.5 %) did not report on the treatment of missing data, and
the rest of the studies (n = 62.5 %) excluded participants containing missing data, whereas the simple deletion of participants with
missing values may produce ineffective predictive performance when developing and validating predictive models.

7 of the incoming studies (87.5 %) reported the presentation of the predictive model, with six studies using a Nomogram repre-
sentation and 1 study (n = 12.5 %) demonstrating a Classification and Regression Tree.

3.3. Performance and validation of predictive models

3.3.1. Performance of the predictive model
Table 2 demonstrated the performance and validation of the predictive model. The discriminability of predictive models was

usually evaluated using the C-index or the Area Under Curve (AUC, Area Under Curve). In model development, except for Leroy’s study
[28], 7 studies (87.5 %) reported discrimination metrics with AUC or C-index ranging from 0.680 to 0.850, indicating that most of the
predictive models had good discrimination. 6 studies (n = 75 %) reported calibration of the predictive models, and all showed good
calibration.

3.3.2. Validation of predictive models
Half of the eight included studies (n= 4, 50 %) developed predictive models that underwent internal validation. Jelovsek and Xu’s

study [24,27] used bootstrapping and cross-validation for validation respectively, while Chen and Wang’s study [22,26] used boot-
strapping for validation. Of the 8 studies, only 3 performed external validation, with both Xu [27] and Wang [26] using temporal
validation, while Liu’s study [25], while reporting external validation, did not report the specific method used to perform external
validation.

3.4. Results of quality assessment

Table 3 summarized the risk of bias and applicability of the 8 included studies. All of the included studies were rated as high risk of
bias, suggesting methodological problems in the development or validation of the prediction models of the included studies.

3.4.1. Risk of bias for inclusion of studies
In the Participants domain, 3 studies (n= 37.5 %) [21,23,27]were rated at high risk of bias, mainly due to the use of inappropriate

data sources, retrospective cohort studies collecting data at a relatively long time from the prediction of the outcome, which may lead
to differences in the accuracy or completeness of the information, poorer data quality, and unmeasured predictive factors that may
contribute to bias, and non-nested case-control studies are unable to calculate absolute risk, resulting in a high risk of bias due to
misestimation of predictive model intercepts or baseline risk. In the Predictors domain, 1 study was rated at high risk of bias, mainly
because of non-nested case-control studies, which collect predictors when the outcome is known, the inability to use blinding, and the
susceptibility of the measurement process to outcome.

In the Predictors domain, 1 study (n = 12.5 %) [28] was rated at high risk of bias, mainly because of non-nested case-control
studies, which collect predictors when the outcome is known, the inability to use blinding, and the susceptibility of the measurement
process to outcome.

In the Outcome domain, 4 studies (n = 50 %) [21,23,24,27]were rated at high risk of bias, mainly because the time between study
predictor assessment and outcome determination was too long in 2 studies [21,24], and 2 retrospective studies [23,27] and 1
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Table 2
Overview of the information of the included prediction models.

Author (year) Continuous variable
processing method

Missing data
handling

Development
methodology

Predictor selection
prior to modeling

Predictor
selection prior
to modeling

Model
presentation

Discrimination (AUC/C-
statistic)
Development/Validation

Calibration Internal
validation

External
validation

Jelovsek (2013) – Exclusion of
cases of
missing data

logistic
regression

based on the published
literature and biologic
plausibility as well as
their availability in the
available CAPS data

logistic
regression

Nomogram Development:
antepartum models：
0.690
antepartum plus L&D
models：0.680

Brier score
calibration
plots

bootstrapping
cross-
validation

–

Leroy (2016) Dichotomized or
categorized

– logistic
regression

Univariable analysis logistic
regression

– – – – –

Xu (2023) Continuous variables
except for Education、
Gravidity、Parity、
Perineal lacerations

Exclusion of
cases of
missing data

logistic
regression

Univariable analysis
(P < 0.2)

backward
stepwise
regression

Nomogram Development:0.850
(95%CI:0.74–0.85)
Validation:0.830(95%
CI:0.79–0.87)

calibration
curve

bootstrapping
cross-
validation

Yes,
temporal
validation

Chen (2020) Continuous variable Exclusion of
cases of
missing data

logistic
regression

Univariable analysis backward
stepwise
regression

Nomogram Development:
Model of primiparous
women:0.763（95%C：
0.693–0.833）
Model of multiparous
women:0.783（95 %
CI：0.726–0.841）
Validation:
Model of primiparous
women:0.762 (95 % CI,
0.693–0.832)
Model of multiparous
women:0.781 (95 % CI,
0.723–0.839)

Hosmer-
Lemeshow test

bootstrapping –

Cheng (2022) Continuous variables
except for Age、
Gravidity、Education、
Monthly income per
capita、Number of
fetuses、Newborn’s
weight、

– logistic
regression

Univariable analysis
(P < 0.05)

logistic
regression

Nomogram Development:0.798 (95
% CI: 0.749–0.846)

– – –

Wang (2022) Categorized except for
Age、BMI before
pregnancy

– logistic
regression

based based on
literature review,
statistical analysis, and
clinical reasoning

backward
stepwise
regression

Nomogram Development:0.757 (95
% CI: 0.72–0.80)
Validation:0.759(95 %
CI: 0.70–0.82)

Hosmer-
Lemeshow
test、
calibration
curve

bootstrapping Yes,
temporal
validation

Liu (2022) Continuous variables
except for Parity

Exclusion of
cases of
missing data

logistic
regression

Univariable analysis
(P < 0.05)

logistic
regression

Nomogram Development:0.883(95
% CI: 0.839–0.926)
Validation:0.807(95%
CI:0.723–0.891)

calibration
curve

– Yes，−

Baracho (2012) Continuous variables
except for Perineal
lacerations with suture

Exclusion of
cases of
missing data

Classification
and Regression
Tree

Univariate analysis (P
< 0.25)

Classification
and Regression
Tree

Classification
and Regression
Tree

Development:0.840(95
% CI:0.77–0.92)

– – –

“-”, not reported.
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Table 3
PROBAST results of included studies.

Author (year)
ROB Applicability Overall

Study type Participants Predictors Outcome Analysis Participants Predictors Outcome ROB Applicability

Jelovsek (2013) B – – – ​ - – – – - – –
Leroy (2016) A – _ – - – – – – – - –
Xu (2023) B – – – – - – – – – – –
Chen (2020) B – – – _ – – – ？ ? – ?
Cheng (2022) A _ – – _ – – – – – - –
Wang (2022) B – – – _ – – – – – - –
Liu (2022) B – – – _ – – – – – – –
Baracho (2012) A _ – – _ – – – _ – - –

PROBAST = Prediction model Risk Of Bias Assessment Tool; ROB = risk of bias.
A indicates “development only”; B indicates “development and validation in the same publication”.
– indicates low ROB/low concern regarding applicability; - indicates high ROB/high concern regarding application; ? indicates unclear ROB/unclear concern regarding applicability.
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cross-sectional study [21] were unable to control for the quality of predictor assessment. 2 studies [25,28] were rated as unclear,
mainly because it was not reported in the study whether the predictor information was clear to the assessor at the time of outcome
determination.

In the Analysis domain, all 8 (n = 100 %) of the included studies were rated at high risk of bias in the analysis domain for the
following main reasons(1) mishandling of continuous predictors (e.g., transforming age, parturition, education, etc.): into ≥2 cate-
gories or using different cut points for categorical variables; (2) failing to articulate how to deal with missing data or mishandling of
missing data; and (3) Screening of predictors based on univariate analysis methods; although such screening of predictors based on
univariate significance tests is common, predictor selection bias occurs when predictors selected for inclusion in multivariate modeling
have a large, but spurious, association with the outcome, potentially increasing the likelihood of overfitting; (4) Some studies did not
conduct performance assessments or did not adequately assess the performance of the predictive models (for the predictive model was
assessed only for discrimination, not for calibration); (5) some studies did not use internal validation or performed internal validation
using a randomized split method that included only data.

3.4.2. Assessment of applicability of included studies
Generally, in the area of applicability, 4 studies (n = 50 %) [21,23–25] had a high risk of applicability. In the field of Participants,

the main concern was that some of the studies (n = 3, 37.5 %) [21,23,24] were developed to include only primigravid women or only
vaginal births and did not focus on all types of postpartum women, and the predictive models developed and validated in the pri-
migravid or only vaginal birth population may not be applicable to the general population. Regarding in the Predictors domain, the
main concern was about predictors, and 2 studies (n= 25 %) [21,25] may limit the push of prediction models because predictors were
not easily available. In the domain of Outcomes, the 2 studies (n = 25 %) [21,24] had too long a time interval between predictions of
postpartum stress incontinence, which may have passed the high-risk time period for postpartum stress incontinence and may be less
applicable.

4. Discussion

4.1. Interpretation

The prevalence of postpartum stress incontinence was high, and several studies have demonstrated that the occurrence of post-
partum stress incontinence can be prevented and that prevention is the most effective strategy to minimize its occurrence and asso-
ciated adverse outcomes [29,30]. Postpartum stress urinary incontinence prediction models allow for early identification of high-risk
populations and timely implementation of interventions for pregnant women to reduce the incidence of postpartum stress urinary
incontinence. A total of 8 studies and 10 predictive models were included in our systematic review for analysis, and most of the
prediction models were more optimistic in terms of differentiation, but the calibration of the included studies was poorly assessed.
Existing prediction models have predictions from 6 weeks postpartum to 7 months postpartum, and the new time horizon, which
extends the definition of postpartum stress urinary incontinence to 12 months postpartum, challenges existing prediction models,
potentially limiting their ability to predict between 7 and 12 months and affecting their accuracy [1]. Therefore, models may need to
be updated to cover longer time spans and integrate new variables to improve the comprehensiveness of predictions. In addition,
clinical applications may be affected by requiring longer follow-up periods to validate predictions, thus ensuring the validity and
clinical relevance of the models in the new time frame.

According to the PROBAST checklist, all of the studies we included were rated at high risk of bias, suggesting significant limitations
in the methodology of modeling existing predictive models, which may limit the practical value of predictive models. In addition, we
found that all studies included in this systematic reviewwere not strictly reported according to Transparent Reporting of a Multivariate
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) [31]. Notably, Jelovsek and Baracho’s study was published before
the development of the TRIPOD reporting system and therefore did not follow the TRIPOD guidelines [21,24]. Other studies that were
published after the development of the TRIPOD reporting system were also not reported in strict accordance with TRIPOD. This
resulted in an opaque process of constructing most of the prediction models, thereby increasing the uncertainty and potential risk of
bias in the prediction models.

In our systematic review, there was a high degree of variability in the predictors that were ultimately incorporated into the pre-
diction models due to the differences in the target populations and candidate predictors. In addition to high predictive accuracy,
simplicity is equally important for predictive models. The simplicity of a predictive model is mainly reflected in the simplicity of the
predictors of the model and the convenience of the evaluation process [32]. In terms of predictors, the higher the number of included
predictors, the more likely that overfitting occurs in the process of constructing the model [33], and when there are some predictors in
the predictive model that are not easy to obtain, it will limit the generalization of the model [34]. In our systematic review, the number
of predictors in the prediction models ranged from 4 to 13, and most of the predictors could be objectively measured and easily
collected. The most frequent predictors of postpartum stress urinary incontinence in existing postpartum stress urinary incontinence
prediction models were gestational UI (n = 7, 24.13 %), followed by mode of delivery, age at delivery, gestational age, and
pre-pregnancy UI, and several studies have confirmed that the above predictors are important risk factors for the development of
postpartum stress urinary incontinence [7,35,36]. Some studies ultimately included predictors that may not be helpful in the pre-
vention of postpartum stress urinary incontinence because some indicators are unknown before delivery, such as forceps delivery,
oxytocin, degree of perineal tear, breastfeeding, etc. Using them as predictors means that the prediction model is used after delivery,
which may be the time when the high-risk period of postpartum stress urinary incontinence has already passed, and is of limited value
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for the development of prenatal medical care measures. In the future, it is recommended that researchers develop dynamic risk
assessment systems that cover the entire period of pregnancy, labor, and postpartum to predict the occurrence of postpartum stress
urinary incontinence. In the future, it is recommended that researchers develop a dynamic risk assessment system that covers the entire
period of pregnancy, labor and delivery and postpartum period to predict the occurrence of postpartum stress urinary incontinence. In
terms of the assessment process, most researchers have transformed predictive models into Nomograms, and Jelovsek et al. have also
developed web-based risk calculators [24], which makes the calculation of the prediction model easier and quicker, and the results of
the prediction are more readable and easy to be used in the clinical setting [32].

Data sources may affect model performance [18]. Despite the fact that half of the studies used a prospective design, the studies were
still rated at high risk of bias, mainly due to poor reporting of the outcome and analysis domains. Outcomes should be measured
without knowledge of predictive information; some studies did not consider blinding when determining outcomes and collecting
predictors, and the predictive power of models may be overestimated when outcomes are measured without blinding [34]. Secondly,
the time interval between predictor assessment and outcome determination is also important; some studies with outcomes determined
at a later time according to predictor collection may miss the high-risk time period for disease occurrence, and the performance of the
prediction model will be greatly reduced [34].

The predictive models included in this systematic review were modeled using a single approach, with the exception of Baracho’s
study, which was modeled using Classification and Regression Tree [21], all predictive models were modeled using logistic regression.
Machine learning can describe, learn, analyze, and predict data [37], and compared with traditional mathematical models, machine
learning has higher sensitivity, specificity, and prediction performance [38]. Researchers at home and abroad have widely applied
machine learning in the construction and validation of disease risk prediction models [38,39], but few studies have been reported on
the application of machine learning in postpartum stress urinary incontinence risk prediction models. In the future, it is recommended
that researchers use machine learning algorithms to construct postpartum stress incontinence risk prediction models to compensate for
the shortcomings of traditional prediction models.

Internal validation when constructing predictive models helps to more accurately assess model performance and adjust for
overfitting, while external validation is used to test the model’s generalizability [40,41]. Of the studies included in this systematic
review, only four studies were internally validated and three were externally validated. Most of the studies suffered from inadequate
validation, which may affect the reliability of the models and their applicability in different settings. In addition, most of the studies in
this systematic review were single-center studies, the target populations included were not unified, the candidate predictors were not
the same, and the models were constructed based on maternity in the region, which did not take into account the differences in ge-
ography, economic level, education level, and literacy level at the later stage of predicting the model’s generalization, which limited
the generalizability and accuracy of the models. It is recommended that in the future when constructing the postpartum stress urinary
incontinence prediction model, methods such as cross-validation and Bootstrap should be used for internal validation, data outside of
the development cohort should be used for external validation of the model, and multicenter study should be used to ensure the
generalization ability of the prediction model [34,42].

4.2. Limitations

Our systematic review has some limitations. Firstly, our systematic review included only studies published in English andmay have
overlooked studies published in other languages. Secondly, because of the heterogeneity of the included studies, we did not perform a
meta-analysis. Finally, in terms of the validation of the prediction models, most of the included studies were only internally validated,
and only three studies were externally validated, but the lack of large-sample, multicenter external validation, the applicability and
stability of the models need to be further validated.

5. Conclusion

A total of 10 prediction models from 8 studies were included in this systematic review, and we found that the postpartum stress
urinary incontinence risk prediction models are still in the preliminary stage of development, and most of the prediction models have
good predictive performance, but poor modeling methodological quality and high overall risk of bias. However, due to the high overall
risk of bias of the prediction models included in the study, it is not recommended to apply the prediction models directly to clinical
practice. Clinical practitioners should select available prediction models based on their context and validate them using multicenter,
large-sample populations. For future development of postpartum stress urinary incontinence risk prediction models, researchers
should follow the PROBAST criteria and TRIPOD reporting guidelines to construct risk prediction models with excellent predictive
performance, low risk of bias, and easy clinical application.

6. Explanation of protocol changes

During our actual literature search, we had two researchers searching nine databases, including PubMed, EBSCO, The Cochrane
Library, Embase, Web of Science, China National Knowledge Infrastructure（CNKI）, WanFang Data, SinoMed and Technology
Journal Database (VIP). In our bias assessment process, we actually three researchers conducted. In the Strategy for data synthesis
process, we made a table according to PROBAST tool to synthesize the data. Our study population was included postpartum women.
Study types included prospective cohort, retrospective cohort, nested case-control or case cohort studies, cross-sectional designs,
randomized trials, and randomized trials. The protocol was changed for this purpose.
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