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Abstract. Early ambulation is a notable component of post‑
operative recovery after cesarean delivery, but some women 
fail to complete first ambulation within the early postopera‑
tive period because of pain, dizziness, orthostatic discomfort, 
residual lower limb numbness, nausea or vomiting, hypoten‑
sion or poor activity tolerance. Early identification of women 
at high risk of ambulation failure may support timely and indi‑
vidualized nursing interventions. The present study aimed to 
develop and internally validate explainable machine learning 
models for predicting failure of first ambulation within 12 h 
after cesarean delivery using routinely collected obstetric peri‑
operative nursing assessment data. The present single‑center 
retrospective cohort study included relatively stable women 
who underwent cesarean delivery between January 2022 
and December 2025 and were considered clinically eligible 
for early mobilization. The primary outcome was failure of 
first ambulation within 12 h after surgery, defined as no docu‑
mented successful ambulation within 12 h or discontinuation 
of an ambulation attempt because of nursing‑documented 
intolerance. Candidate predictors included demographic, 
obstetric, pregnancy‑related, laboratory, anesthetic, surgical 
and early postoperative nursing assessment variables. 
Postoperative symptoms and vital signs were assessed 
within predefined early postoperative intervals, whereas first 
turning time was treated as a dynamically updated indicator 
that became available when the first spontaneous or assisted 
turning event was documented. The model was therefore 
interpreted as a dynamic early postoperative risk‑assessment 

approach rather than a prediction model applied exclusively 
at a fixed 4‑h time point. The final analytic dataset contained 
no item‑level missing values; therefore, no imputation was 
performed. The cohort was randomly divided into training and 
internal validation cohorts at a ratio of 7:3. Logistic regression, 
random forest, support vector machine, Extreme Gradient 
Boosting (XGBoost) and LightGBM models were developed 
and compared. Model performance was assessed using 
discrimination, classification metrics, calibration, Brier score 
and decision curve analysis. SHapley Additive exPlanations 
(SHAP) analysis was used to interpret the final model. A total 
of 1,486 women were included, and 326 women experienced 
failure of first ambulation within 12 h, with an incidence of 
21.9%. The training and validation cohorts included 1,040 and 
446 women, respectively. In the validation cohort, LightGBM 
achieved an area under the receiver operating characteristic 
curve (AUC) of 0.809 and a Brier score of 0.132, whereas 
XGBoost achieved an AUC of 0.805 and a Brier score of 0.134. 
The paired DeLong test showed no statistically significant 
difference between the validation AUCs of the two models 
(P=0.647). XGBoost achieved higher sensitivity, negative 
predictive value and F1 score than LightGBM (0.714 vs. 0.653, 
0.906 vs. 0.892 and 0.567 vs. 0.561, respectively). Because 
these metrics were particularly relevant to identifying high‑risk 
women and minimizing missed high‑risk cases, XGBoost was 
selected as the final model. Calibration curves showed accept‑
able agreement between predicted and observed risks, and 
decision curve analysis demonstrated net benefit across rele‑
vant threshold probabilities. The 10 highest‑ranked predictors 
according to mean absolute SHAP value were postoperative 
pain NRS score at 2 h, emergency cesarean delivery, time to 
first documented turning, lower limb numbness within 0‑4 h, 
systolic blood pressure at 2 h, body mass index, preoperative 
hemoglobin, age, intraoperative fluid volume and dizziness 
or orthostatic discomfort within 0‑4 h. In conclusion, in the 
present single‑center retrospective cohort of relatively stable 
women considered clinically eligible for early mobilization, 
the explainable XGBoost model showed promising internal 
performance for predicting failure of first ambulation within 
12 h after cesarean delivery. The model should not be extrapo‑
lated to women transferred to intensive care, women with 
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severe postpartum hemorrhage, women with explicit medical 
restrictions on ambulation or women with severe postoperative 
complications. These findings support further evaluation but 
do not establish clinical utility, transportability or readiness for 
implementation. Temporal and external validation, followed 
by prospective assessment of workflow feasibility and clinical 
impact, is required before clinical use can be considered.

Introduction

Cesarean delivery is one of the most commonly performed 
surgical procedures worldwide and represents a substantial 
component of modern obstetric care. Although cesarean 
delivery is often lifesaving for mothers and neonates, it is 
also associated with postoperative pain, delayed functional 
recovery, impaired maternal‑infant interaction, prolonged 
hospital stay and increased nursing workload when early 
postoperative recovery is suboptimal  (1). In recent years, 
enhanced recovery after surgery and enhanced recovery after 
cesarean delivery pathways have emphasized multimodal 
analgesia, early oral intake, early urinary catheter removal and 
early mobilization as key elements of standardized postopera‑
tive care (2). Among these components, early ambulation is 
particularly important because it reflects not only physical 
recovery but also the patient's ability to tolerate activity after 
anesthesia and surgery.

Early postoperative ambulation after cesarean delivery 
has several potential benefits, including promoting gastroin‑
testinal recovery, reducing venous stasis, improving maternal 
comfort, facilitating breastfeeding and newborn care and 
supporting earlier return to daily activity  (3). Conversely, 
failure to ambulate during the early postoperative period may 
indicate inadequate pain control, hemodynamic intolerance, 
residual lower limb numbness, nausea or vomiting, dizziness, 
orthostatic discomfort or poor overall activity tolerance. These 
symptoms are commonly encountered by obstetric nurses 
during postoperative assessment and may delay progressive 
mobilization despite the absence of major surgical complica‑
tions (4). Therefore, identifying women who are unlikely to 
complete first ambulation within a clinically meaningful early 
time window may allow nurses to intensify assessment, opti‑
mize analgesia, provide assisted mobilization and implement 
individualized recovery planning.

Current postoperative nursing practice after cesarean 
delivery mainly relies on routine vital sign monitoring, pain 
assessment, symptom inquiry and clinical judgment to deter‑
mine readiness for mobilization. However, failure of early 
ambulation may be influenced by multiple interacting factors, 
including body mass index, emergency cesarean delivery, 
anesthesia and surgical variables, blood loss, intraoperative 
hypotension, postoperative pain, systolic blood pressure, 
nausea or vomiting, lower limb numbness, dizziness or ortho‑
static discomfort and early turning status (5). These factors 
may not be adequately captured by conventional single‑factor 
assessment, highlighting the need for individualized risk 
stratification.

Clinical prediction models offer a structured approach to 
estimating individualized risk and may support more timely 
and objective decision‑making in postoperative nursing 
care (6). Traditional regression‑based models are widely used 

because of their interpretability, but they may have limited 
ability to capture complex non‑linear relationships and inter‑
actions among perioperative variables. Machine learning 
methods, including random forest, support vector machine, 
extreme gradient boosting (XGBoost) and light gradient 
boosting machine algorithms, have increasingly been applied 
to perioperative and obstetric prediction tasks because they 
can integrate multidimensional clinical data and may improve 
predictive performance (7). In the obstetric setting, machine 
learning has been used to predict outcomes such as cesarean 
delivery, postpartum hemorrhage, postoperative pain and other 
maternal complications, suggesting its potential value for risk 
assessment in maternal care (8).

Despite these advances, few studies have specifically 
focused on failure of first ambulation after cesarean delivery 
as a nursing‑sensitive postoperative outcome. Most existing 
enhanced recovery studies evaluate broader endpoints, such 
as postoperative pain, length of stay, opioid consumption, 
breastfeeding or overall recovery quality, while early ambu‑
lation failure is often treated as a process indicator rather 
than a prediction target (9). However, first ambulation within 
the early postoperative period is a concrete and clinically 
observable milestone that can be directly assessed and acted 
upon by nurses. A model designed around this outcome 
may be particularly useful in obstetric wards because it 
translates routinely collected nursing assessment data into 
individualized risk estimates that can guide early bedside 
interventions.

Another notable consideration is model interpretability. 
Although machine learning models may achieve strong 
predictive performance, their clinical adoption may be limited 
when the basis of individual predictions is unclear. Explainable 
artificial intelligence methods, particularly SHapley Additive 
exPlanations (SHAP), can quantify the contribution of each 
predictor to model output and provide both global and indi‑
vidualized explanations (10). Such interpretability is important 
in nursing applications, where model outputs should be clini‑
cally understandable and aligned with bedside assessment. For 
example, identifying pain, time to first documented turning, 
lower limb numbness, blood pressure or dizziness as influen‑
tial predictive signals may help direct additional assessment. 
However, SHAP values describe contributions to model 
predictions and do not establish that these variables causally 
determine ambulation failure.

Gradient boosting algorithms are especially suitable for 
tabular clinical data. XGBoost is a scalable tree‑boosting 
method that has shown strong performance across predic‑
tion tasks and incorporates regularization strategies that may 
reduce overfitting (11). LightGBM is another efficient gradient 
boosting framework that can handle high‑dimensional 
structured data and has demonstrated competitive predic‑
tive accuracy with improved computational efficiency (12). 
Comparing these algorithms with conventional logistic 
regression and other machine learning approaches may help 
identify a model that balances discrimination, calibration, 
sensitivity and clinical usability. In postoperative nursing 
risk prediction, sensitivity and negative predictive value are 
particularly important because missed high‑risk patients may 
lose the opportunity for timely pain management, assisted 
mobilization and fall‑risk prevention.
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To ensure transparent reporting and methodological rigor, 
prediction model studies using regression or machine learning 
methods should clearly describe study design, participant 
selection, predictor definitions, outcome ascertainment, model 
development, internal validation, performance evaluation, 
calibration and clinical utility (13). In addition, decision curve 
analysis can help determine whether a model provides net 
clinical benefit across plausible threshold probabilities, which 
is important when considering whether risk‑based nursing 
interventions are justified (14).

Therefore, the present study aimed to develop and internally 
validate explainable machine learning models for predicting 
failure of first ambulation within 12 h after cesarean delivery 
using routinely collected perioperative nursing assessment 
data. By comparing logistic regression, random forest, support 
vector machine, XGBoost and LightGBM models, and by 
applying SHAP‑based interpretation to the final model, this 
study sought to provide an interpretable risk stratification tool 
that may support individualized early mobilization planning 
and postoperative nursing decision‑making after cesarean 
delivery.

Materials and methods

Study design. The present study was a single‑center retrospec‑
tive cohort study designed to develop and internally validate 
explainable machine learning models for predicting failure 
of first ambulation within 12 h after cesarean delivery. The 
present study used routinely collected obstetric perioperative 
nursing assessment data, together with demographic, obstetric, 
laboratory, anesthetic and surgical information. No prospec‑
tive intervention was performed. The full cohort was randomly 
divided into a training cohort and a validation cohort at a ratio 
of 7:3. The training cohort was used for model development, 
threshold selection and model interpretation, whereas the 
validation cohort was used for internal validation and final 
performance evaluation.

The outcome of interest was failure of first ambulation 
within 12 h after cesarean delivery. The intended prediction 
task was dynamic early postoperative risk assessment before 
the 12‑h outcome was determined, rather than risk estimation 
at one fixed postoperative time point. Demographic, obstetric, 
laboratory, anesthetic and surgical variables were available at 
or shortly after completion of surgery. Pain and systolic blood 
pressure were assessed at 2 h, and dizziness or orthostatic 
discomfort, nausea or vomiting, lower limb numbness and 
sedation or sleepiness were recorded during the prespecified 
0‑4‑h postoperative assessment interval. These fixed‑time 
observations were eligible as predictors only when they were 
documented before the outcome was determined. First turning 
time was treated as a time‑updated functional recovery indi‑
cator that entered the available predictor set when the first 
spontaneous or assisted turning event was documented; it 
was not treated as a fixed 4‑h measurement. Variables docu‑
mented only during or after a failed ambulation attempt, or 
after the 12‑h outcome had been determined, were not used as 
pre‑outcome predictor observations. Accordingly, the model 
should be interpreted as a dynamic early postoperative assess‑
ment model whose available information may be updated 
during the early recovery period.

Setting. The present study was conducted in the Department 
of Obstetrics at The Affiliated Hospital, Southwest Medical 
University (Luzhou, China). Consecutive women who under‑
went cesarean delivery between January 2022 and December 
2025 were retrospectively screened. Clinical data were 
obtained from the electronic medical record system, obstetric 
perioperative records, anesthesia records, laboratory informa‑
tion system and structured nursing assessment records. In 
routine clinical care at the study center, women undergoing 
cesarean delivery were encouraged to begin progressive 
postoperative mobilization when clinically stable, including 
assisted turning, sitting, standing and first ambulation under 
nursing supervision.

Participants. Women were eligible if they underwent cesarean 
delivery during the study period and had perioperative nursing 
assessment records that allowed determination of first ambu‑
lation status within 12 h after surgery. The exclusion criteria 
were transfer to the intensive care unit after surgery, severe 
postpartum hemorrhage requiring intensive monitoring or 
emergency intervention, explicit postoperative medical orders 
restricting ambulation, severe postoperative complications 
that made early mobilization clinically inappropriate, inability 
to determine whether first ambulation was attempted or 
completed within 12 h or insufficient records to establish the 
required analytic variables. Of 1,612 records initially screened, 
126 were excluded: 18 because of postoperative intensive‑care 
transfer, 14 because of severe postpartum hemorrhage, 21 
because of explicit ambulation restrictions, 17 because of 
severe postoperative complications, 24 because the ambula‑
tion outcome was indeterminate and 32 because the required 
predictor information was insufficient. The remaining 1,486 
women constituted the final analytic cohort. All 1,486 partici‑
pants were women who underwent cesarean delivery; male 
participants were not part of the eligible obstetric population. 
The median age was 31 years, with a range of 18‑45 years. 
The final analytic dataset contained complete outcome 
and predictor information for all included women, with 0% 
item‑level missingness among the retained records. Of these, 
1,040 were assigned to the training cohort and 446 to the 
validation cohort. The participant screening and eligibility 
process is summarized in Fig. S1.

Variables. The primary outcome was failure of first ambula‑
tion within 12 h after cesarean delivery. The 12‑h window was 
calculated from the documented completion time of surgery. 
Successful first ambulation was defined as standing and 
walking at least several steps away from the bedside, with or 
without nursing assistance, as documented in the structured 
nursing mobilization record. Sitting at the bedside, dangling, 
standing without walking or turning in bed alone was not 
considered successful ambulation. Failure of first ambulation 
was defined as either: i) No documented successful ambula‑
tion within 12 h when the nursing record was sufficient to 
determine the patient's ambulation status during the entire 
assessment window; or ii) an ambulation attempt that was 
discontinued because of nursing‑documented intolerance, 
including pain, dizziness, orthostatic discomfort, hypotension, 
nausea or vomiting, lower limb numbness, incision discomfort, 
weakness or another documented safety concern. Symptoms 
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recorded during routine pre‑ambulation assessment before 
an attempt were treated as pre‑outcome predictor observa‑
tions. When a symptom was first documented only during 
the ambulation attempt, it was used to describe the reason for 
discontinuation and was not treated as a separate pre‑outcome 
predictor observation. If the available records were insufficient 
to determine whether ambulation was completed or attempted 
within 12 h, the outcome was classified as indeterminate and 
the record was excluded rather than treated as a successful or 
failed outcome. Nursing documentation followed the struc‑
tured postoperative assessment and mobilization‑recording 
process used at the study center.

Candidate predictors were selected according to clinical 
relevance, availability in routine records, temporal relation‑
ship with the outcome and nursing interpretability. Variables 
included demographic characteristics, obstetric information, 
pregnancy‑related conditions, preoperative laboratory indica‑
tors, anesthesia and surgical factors, and early postoperative 
nursing assessment indicators.

Demographic and obstetric variables included age, body 
mass index, gestational age, primipara status, previous 
cesarean delivery, emergency cesarean delivery and multiple 
pregnancy. Pregnancy‑related conditions included hyperten‑
sive disorders of pregnancy and gestational diabetes mellitus. 
Preoperative laboratory variables included hemoglobin, 
preoperative anemia and albumin. Anesthesia and surgical 
variables included anesthesia type, surgery duration, estimated 
blood loss, intraoperative hypotension and intraoperative fluid 
volume. Early postoperative nursing assessment variables 
measured within predefined intervals included systolic blood 
pressure and postoperative pain numeric rating scale score 
at 2 h, as well as dizziness or orthostatic discomfort, nausea 
or vomiting, lower limb numbness and sedation or sleepiness 
within 0‑4 h. First turning time was analyzed separately as a 
dynamically updated functional recovery indicator, defined by 
the earliest documented spontaneous or assisted turning event 
after surgery. Completion of early mobilization education and 
preoperative anxiety or fear were also included.

Data sources. All data were extracted from routinely collected 
hospital records. Demographic and obstetric variables were 
obtained from admission records and obstetric documenta‑
tion. Laboratory indicators were obtained from the most 
recent preoperative laboratory tests before cesarean delivery. 
Anesthesia type, intraoperative hypotension, intraoperative 
fluid volume, surgery duration and estimated blood loss were 
obtained from anesthesia and operative records. Early post‑
operative variables were obtained from structured nursing 
assessment records.

Pain intensity was assessed using the numeric rating scale, 
ranging from 0 to 10, with higher scores indicating more 
severe pain. Dizziness or orthostatic discomfort, nausea or 
vomiting, lower limb numbness, sedation or sleepiness and 
completion of mobilization education were recorded as binary 
variables based on nursing documentation. First turning time 
was defined as the elapsed time from completion of surgery 
to the earliest documented spontaneous or assisted turning in 
bed and was recorded in hours. It was a dynamically updated 
observation that became available when the turning event 
was documented, rather than a baseline predictor measured 

at a fixed postoperative time point. Because first turning may 
reflect pain, residual anesthetic effects, lower limb numbness, 
fatigue, activity tolerance and the need for nursing assistance, 
this variable was interpreted as an early warning marker of 
functional recovery status and not as a causal determinant of 
ambulation failure. Intraoperative hypotension was defined 
according to anesthesia records as a documented episode 
of clinically significant blood pressure reduction requiring 
monitoring or intervention.

Missing data. Data completeness was assessed for the primary 
outcome and all candidate predictors before model develop‑
ment. Among the 1,486 women retained in the final analytic 
cohort, no item‑level missing values were identified for any 
demographic, obstetric, pregnancy‑related, laboratory, anes‑
thetic, surgical or postoperative nursing assessment variable; 
the variable‑specific missingness rate was therefore 0%, and 
no imputation was performed. This complete‑case result 
applies to the retained analytic cohort and does not imply that 
all initially screened records were complete. Records with 
insufficient information to determine the outcome or estab‑
lish the required predictors were excluded during eligibility 
assessment. Because no missing observations remained in the 
analytic dataset, an imputation‑based sensitivity analysis was 
not applicable. Nevertheless, exclusion of records with insuffi‑
cient information may have introduced selection bias and may 
limit generalizability if documentation completeness differed 
across patient groups or time periods.

Bias. Several strategies were used to reduce potential bias. 
First, consecutive eligible patients during the study period 
were screened to minimize selection bias. Second, predictor 
timing and availability were explicitly considered. Fixed‑time 
postoperative assessments were distinguished from first 
turning time, which was treated as a dynamically updated 
recovery indicator rather than a baseline predictor. No vari‑
ables documented after determination of the 12‑h ambulation 
outcome were included. Third, women with explicit medical 
restrictions to ambulation were excluded because their failure 
to ambulate would reflect medical contraindication rather than 
ambulation intolerance. Fourth, model development and evalu‑
ation were separated using training and internal validation 
cohorts derived from the same source population. Fifth, model 
thresholds were determined in the training cohort and then 
applied to the validation cohort to avoid optimistic estimation 
of classification performance. Finally, SHAP analysis was used 
to improve model transparency; however, SHAP contributions 
were interpreted as predictive associations rather than causal 
effects.

Study size. The study size was determined by the number of 
consecutive eligible cesarean‑delivery cases available during 
the prespecified study period after application of the inclusion 
and exclusion criteria; no separate hypothesis‑testing power 
calculation was performed because the primary objective was 
prediction‑model development and internal validation. The 
final cohort included 1,486 women, of whom 326 experienced 
failure of first ambulation within 12 h after cesarean delivery, 
corresponding to an event rate of 21.9%. The training cohort 
included 1,040 women with 228 outcome events, and the 
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validation cohort included 446 women with 98 outcome events. 
The 26 candidate predictors were counted before dummy 
encoding of categorical variables, yielding 8.8 outcome events 
per prespecified candidate predictor in the training cohort. 
This ratio is provided for transparency but should not be inter‑
preted as a formal adequacy criterion for the machine‑learning 
models, because the effective number of parameters depends 
on categorical encoding, model architecture, regularization 
and tuning procedures. For the planned development strategy, 
the available sample was considered suitable for initial 
single‑center internal development because the models used a 
prespecified predictor set, stratified five‑fold cross‑validation 
within the training cohort, no class rebalancing or resampling 
and constrained boosting configurations. However, the sample 
size cannot establish model stability or transportability, and 
the results require confirmation in larger independent temporal 
and geographic cohorts.

Quantitative variables. Continuous variables were retained in 
their original continuous form for model development when‑
ever possible, including age, body mass index, gestational age, 
preoperative hemoglobin, preoperative albumin, surgery dura‑
tion, estimated blood loss, intraoperative fluid volume, systolic 
blood pressure at 2 h and postoperative pain score at 2 h. 
Binary variables were coded as 0 or 1. Anesthesia type was 
treated as a categorical variable and converted into dummy 
variables for machine learning modeling. No clinically mean‑
ingful continuous variable was arbitrarily categorized for the 
primary model, in order to preserve information and avoid loss 
of predictive power.

Statistical methods. Baseline characteristics are presented 
as mean  ±  standard deviation for continuous variables 
and frequency with percentage for categorical variables. 
Comparisons between the training and validation cohorts 
were performed to assess baseline balance. Comparisons 
between women with successful and failed first ambula‑
tion in the training cohort were also conducted to describe 
outcome‑related differences. Welch's t‑test was used for 
continuous variables, and Pearson's χ2 test or Fisher's exact 
test was used for categorical variables, as appropriate. Before 
model development, data completeness was summarized as 
the number and percentage of missing observations for each 
variable. Because no missing values were identified in the final 
analytic dataset, all 1,486 included women were retained in 
the analysis and no imputation was performed.

A total of five prediction models were developed using 
the same prespecified predictor set. Categorical variables 
were dummy coded, and continuous variables were stan‑
dardized when required by the algorithm. Model tuning was 
performed within the training cohort using stratified five‑fold 
cross‑validation with a fixed random seed (20260822), without 
class rebalancing or resampling. For the two leading boosting 
models, the final XGBoost configuration used a maximum tree 
depth of 3, a learning rate of 0.03 and 100 boosting iterations, 
whereas the final LightGBM configuration used 7 leaves, a 
learning rate of 0.03, and 100 boosting iterations.

The sample‑size considerations were interpreted in 
relation to the prespecified model‑development procedure. 
The 228 training‑cohort events provided information for 

estimating risk patterns across the 26 prespecified candidate 
predictor variables before categorical encoding. Because 
tree‑based machine‑learning models do not have a one‑to‑one 
correspondence between candidate predictors and regression 
coefficients, adequacy was not judged solely by a conventional 
events‑per‑variable threshold. Instead, model complexity 
was controlled through prespecification of the predictor set, 
stratified five‑fold cross‑validation, and constrained boosting 
hyperparameters. The resulting sample size was therefore 
considered appropriate for exploratory single‑center internal 
development, while recognizing that additional data are 
required to establish reliable calibration, model stability, and 
transportability.

Model performance was evaluated in both the training and 
validation cohorts. Discrimination was assessed using the area 
under the receiver operating characteristic curve (AUC), with 
95% confidence intervals calculated using DeLong's method. 
Because XGBoost and LightGBM were evaluated in the same 
validation participants, their validation AUCs were compared 
using a two‑sided paired DeLong test. Classification perfor‑
mance was assessed using accuracy, sensitivity, specificity, 
positive predictive value, negative predictive value and F1 
score. Overall prediction error was assessed using the Brier 
score. Calibration of the final model was evaluated using cali‑
bration curves based on grouped predicted risks. Clinical utility 
was assessed using decision curve analysis by comparing the 
net benefit of the final model with the treat‑all and treat‑none 
strategies across a range of threshold probabilities.

The final model was selected according to overall valida‑
tion performance and the intended clinical purpose. When the 
leading models showed comparable discrimination, sensitivity, 
negative predictive value and F1 score were given particular 
consideration because the primary purpose of the model was 
to identify women at high risk of early ambulation failure and 
minimize missed high‑risk cases. Accordingly, XGBoost was 
selected as the final model for subsequent calibration, decision 
curve analysis and SHAP‑based interpretation.

To interpret the final XGBoost model, SHAP analysis was 
performed in the validation cohort. Predictors were ranked 
according to their mean absolute SHAP values. The direc‑
tion of association between each predictor and predicted risk 
was interpreted from the SHAP value distributions. SHAP 
summary plots and dependence plots were used to visualize 
the contribution of key predictors to individualized model 
predictions. All statistical analyses and model development 
were performed using R software (version 4.3.2; RStudio, 
Inc.). A two‑sided P<0.05 was considered to indicate a 
statistically significant difference.

Results

Baseline characteristics of the training and validation cohorts. 
A total of 1,486 women who underwent cesarean delivery 
were included in the present study, comprising 1,040 patients 
in the training cohort and 446 patients in the internal valida‑
tion cohort. The overall incidence of failure of first ambulation 
within 12 h after cesarean delivery was 21.9% (326/1,486), 
with similar event rates between the training and internal vali‑
dation cohorts (21.9 vs. 22.0%). Baseline characteristics were 
generally well balanced between the training and internal 
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validation cohorts. No statistically significant differences 
were observed for most demographic, obstetric, perioperative 
and early postoperative nursing assessment variables. The 
only variable showing a slight between‑cohort difference was 
first turning time (5.1±1.4 vs. 4.9±1.4 h; P=0.049), whereas 
the event rate was similar between cohorts (21.9 vs. 22.0%; 
P>0.999) (Table I).

Characteristics according to first ambulation outcome in the 
training cohort. In the training cohort, 812 women completed 
first ambulation within 12 h after cesarean delivery, whereas 
228 failed to do so. Compared with women who successfully 
completed first ambulation, those with ambulation failure 
had a higher body mass index (29.6±3.8 vs. 28.8±3.7 kg/m²; 

P=0.008), a substantially higher proportion of emergency 
cesarean delivery (52.2 vs. 22.2%; P<0.001), lower preop‑
erative hemoglobin levels (116.1±11.3 vs. 118.1±10.8  g/l; 
P=0.017) and a higher prevalence of preoperative anemia 
(32.5 vs. 21.4%; P<0.001). Significant differences were also 
observed in anesthesia type, surgery duration, estimated 
blood loss and intraoperative hypotension. Specifically, 
the failed ambulation group had longer surgery duration 
(60.3±15.1 vs. 55.9±13.7 min; P<0.001), greater estimated 
blood loss (447.2±158.2 vs. 396.4±132.6 ml; P<0.001) and 
a higher incidence of intraoperative hypotension (19.3 vs. 
10.8%; P=0.001). Regarding early postoperative nursing 
assessment indicators, women with ambulation failure had 
lower systolic blood pressure at 2 h after surgery (108.6±10.0 

Table I. Baseline characteristics of the overall, training and internal validation cohorts.

		  Training cohort	 Validation cohort
Characteristic	 Overall (n=1,486)	 (n=1,040)	 (n=446)	 P‑value

Age, years	 30.7±4.6; 31 (18‑45)	 30.8±4.6	 30.6±4.6	 0.554
Body mass index, kg/m²	 29.0±3.7	 29.0±3.7	 28.9±3.6	 0.804
Gestational age, weeks	 38.6±1.3	 38.6±1.3	 38.6±1.3	 0.893
Primipara	 846 (56.9)	 599 (57.6)	 247 (55.4)	 0.463
Previous cesarean delivery	 323 (21.7)	 221 (21.3)	 102 (22.9)	 0.532
Emergency cesarean delivery	 426 (28.7)	 299 (28.8)	 127 (28.5)	 0.964
Multiple pregnancy	 51 (3.4)	 38 (3.7)	 13 (2.9)	 0.574
Hypertensive disorders of pregnancy	 137 (9.2)	 99 (9.5)	 38 (8.5)	 0.608
Gestational diabetes mellitus	 207 (13.9)	 155 (14.9)	 52 (11.7)	 0.116
Preoperative hemoglobin, g/l	 117.7±10.9	 117.7±11.0	 117.5±10.8	 0.788
Preoperative anemia	 354 (23.8)	 248 (23.8)	 106 (23.8)	 >0.999
Preoperative albumin, g/l	 36.3±3.2	 36.3±3.2	 36.3±3.2	 0.805
Anesthesia type				    0.699
  Combined spinal‑epidural anesthesia	 364 (24.5)	 249 (23.9)	 115 (25.8)	
  General anesthesia	 41 (2.8)	 30 (2.9)	 11 (2.5)	
  Spinal anesthesia	 1,081 (72.7)	 761 (73.2)	 320 (71.7)	
Surgery duration, min	 56.6±14.4	 56.8±14.1	 56.1±15.1	 0.395
Estimated blood loss, ml	 408.5±143.5	 407.5±140.1	 410.7±151.3	 0.698
Intraoperative hypotension	 201 (13.5)	 132 (12.7)	 69 (15.5)	 0.176
Intraoperative fluid volume, ml	 1,918.8±406.7	 1,911.3±403.7	 1,936.2±413.6	 0.284
Systolic blood pressure at 2 h, mmHg	 110.4±10.3	 110.7±10.3	 109.9±10.2	 0.211
Postoperative pain NRS score at 2 h	 4.3±1.5	 4.3±1.5	 4.3±1.5	 0.738
Dizziness or orthostatic discomfort	 234 (15.7)	 166 (16.0)	 68 (15.2)	 0.788
within 0‑4 h
Nausea or vomiting within 0‑4 h	 307 (20.7)	 216 (20.8)	 91 (20.4)	 0.929
Lower limb numbness within 0‑4 h	 248 (16.7)	 173 (16.6)	 75 (16.8)	 0.992
Urinary catheter in place at 6 h	 466 (31.4)	 340 (32.7)	 126 (28.3)	 0.103
Time to first documented turning, h	 5.1±1.4	 5.1±1.4	 4.9±1.4	 0.049
Sedation or sleepiness within 0‑4 h	 172 (11.6)	 131 (12.6)	 41 (9.2)	 0.073
Early mobilization education completed	 611 (41.1)	 424 (40.8)	 187 (41.9)	 0.720
Preoperative anxiety or fear	 307 (20.7)	 207 (19.9)	 100 (22.4)	 0.304
Failure of first ambulation within 12 h	 326 (21.9)	 228 (21.9)	 98 (22.0)	 >0.999

Data are presented as mean ± standard deviation or n (%), unless otherwise indicated. For the overall cohort, age is additionally presented as 
median (range): 31 (18‑45) years. All participants were women who underwent cesarean delivery. P‑values compare the training and internal 
validation cohorts. NRS, numeric rating scale.
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vs. 111.2±10.3 mmHg; P<0.001), higher postoperative pain 
NRS scores at 2 h (5.2±1.4 vs. 4.0±1.4; P<0.001) and longer 
first turning time (5.9±1.4 vs. 4.9±1.4 h; P<0.001). They 
also had higher rates of dizziness or orthostatic discomfort 
within 0‑4 h (28.1 vs. 12.6%; P<0.001), nausea or vomiting 
(27.2 vs. 19.0%, P=0.009) and lower limb numbness (31.1 vs. 
12.6%; P<0.001). No significant differences were observed 
in age, gestational age, parity status, previous cesarean 
delivery, hypertensive disorders of pregnancy, gestational 
diabetes mellitus, intraoperative fluid volume, early mobili‑
zation education completion or preoperative anxiety or fear 
(Table II).

Model performance and selection of the final model. The 
predictive performance of the five models, all developed using 
the same prespecified set of 26 candidate predictors described 
in the Variables subsection, is summarized in Table III and 
illustrated by the ROC curves in Fig. 1. In the training cohort, 
random forest showed the highest apparent discrimination, 
with an AUC of 0.996, followed by support vector machine, 
XGBoost, LightGBM and logistic regression, with AUC values 
of 0.946, 0.924, 0.919 and 0.841, respectively. However, random 
forest performance declined substantially in the validation 
cohort, with an AUC of 0.800, suggesting potential overfitting. 
In the internal validation cohort, LightGBM achieved an AUC 

Table II. Characteristics according to first ambulation outcome in the training cohort.

		  Successful first	 Failed first
	 Training cohort	 ambulation	 ambulation
Characteristic	 overall (n=1,040)	 (n=812)	 (n=228)	 P‑value

Age, years	 30.8±4.6	 30.8±4.7	 30.7±4.4	 0.773
Body mass index, kg/m²	 29.0±3.7	 28.8±3.7	 29.6±3.8	 0.008
Gestational age, weeks	 38.6±1.3	 38.6±1.3	 38.6±1.2	 0.611
Primipara	 599 (57.6)	 460 (56.7)	 139 (61.0)	 0.276
Previous cesarean delivery	 221 (21.3)	 175 (21.6)	 46 (20.2)	 0.721
Emergency cesarean delivery	 299 (28.8)	 180 (22.2)	 119 (52.2)	 <0.001
Multiple pregnancy	 38 (3.7)	 35 (4.3)	 3 (1.3)	 0.054
Hypertensive disorders of pregnancy	 99 (9.5)	 82 (10.1)	 17 (7.5)	 0.283
Gestational diabetes mellitus	 155 (14.9)	 120 (14.8)	 35 (15.4)	 0.913
Preoperative hemoglobin, g/l	 117.7±11.0	 118.1±10.8	 116.1±11.3	 0.017
Preoperative anemia	 248 (23.8)	 174 (21.4)	 74 (32.5)	 <0.001
Preoperative albumin, g/l	 36.3±3.2	 36.3±3.2	 36.2±3.2	 0.512
Anesthesia type				    0.016
  Spinal anesthesia	 761 (73.2)	 607 (74.8)	 154 (67.5)	
  Combined spinal‑epidural anesthesia	 249 (23.9)	 187 (23.0)	 62 (27.2)	
  General anesthesia	 30 (2.9)	 18 (2.2)	 12 (5.3)	
Surgery duration, min	 56.8±14.1	 55.9±13.7	 60.3±15.1	 <0.001
Estimated blood loss, ml	 407.5±140.1	 396.4±132.6	 447.2±158.2	 <0.001
Intraoperative hypotension	 132 (12.7)	 88 (10.8)	 44 (19.3)	 0.001
Intraoperative fluid volume, ml	 1,911.3±403.7	 1,908.1±403.2	 1,922.9±405.9	 0.625
Systolic blood pressure at 2 h, mmHg	 110.7±10.3	 111.2±10.3	 108.6±10.0	 <0.001
Postoperative pain NRS score at 2 h	 4.3±1.5	 4.0±1.4	 5.2±1.4	 <0.001
Dizziness or orthostatic discomfort	 166 (16.0)	 102 (12.6)	 64 (28.1)	 <0.001
within 0‑4 h
Nausea or vomiting within 0‑4 h	 216 (20.8)	 154 (19.0)	 62 (27.2)	 0.009
Lower limb numbness within 0‑4 h	 173 (16.6)	 102 (12.6)	 71 (31.1)	 <0.001
Urinary catheter in place at 6 h	 340 (32.7)	 271 (33.4)	 69 (30.3)	 0.421
Time to first documented turning, h	 5.1±1.4	 4.9±1.4	 5.9±1.4	 <0.001
Sedation or sleepiness within 0‑4 h	 131 (12.6)	 94 (11.6)	 37 (16.2)	 0.079
Early mobilization education completed	 424 (40.8)	 336 (41.4)	 88 (38.6)	 0.497
Preoperative anxiety or fear	 207 (19.9)	 168 (20.7)	 39 (17.1)	 0.270

Data are presented as mean ± standard deviation or n (%). P‑values were calculated using Welch's t‑test for continuous variables and Pearson's 
χ2 test or Fisher's exact test for categorical variables, as appropriate. The training cohort included 1,040 patients, of whom 812 completed first 
ambulation within 12 h after cesarean delivery and 228 failed to do so. Time to first documented turning was defined as the elapsed time from 
completion of surgery to the earliest documented spontaneous or assisted turning in bed. It was treated as a dynamically updated marker of early 
functional recovery and not as a causal determinant of ambulation failure. NRS, numeric rating scale.

https://www.spandidos-publications.com/10.3892/etm.2026.13320


XIONG et al:  EARLY AMBULATION RISK AFTER CAESAREAN DELIVERY8

of 0.809 (95% CI, 0.762‑0.857), accuracy of 0.776, sensitivity 
of 0.653, specificity of 0.810, positive predictive value of 0.492, 
negative predictive value of 0.892, F1 score of 0.561 and Brier 
score of 0.132. XGBoost achieved an AUC of 0.805 (95% CI, 
0.758‑0.852), accuracy of 0.760, sensitivity of 0.714, specificity 
of 0.773, positive predictive value of 0.470, negative predictive 
value of 0.906, F1 score of 0.567 and Brier score of 0.134. The 
paired DeLong test showed no statistically significant differ‑
ence between the validation AUCs of XGBoost and LightGBM 
(P=0.647), indicating that the two models had comparable 
discrimination. Although LightGBM achieved a marginally 
higher AUC and a lower Brier score, XGBoost demonstrated 
higher sensitivity, negative predictive value, and F1 score in 
the validation cohort. Because the primary clinical objective 
was to identify women at high risk of failure of first ambulation 
and minimize missed high‑risk cases, XGBoost was selected 
as the final model for subsequent calibration, decision curve 
analysis, and SHAP‑based interpretability analysis (Table III 
and Fig. 1).

Calibration and decision curve analysis of the XGBoost model. 
The calibration curve showed general agreement between 
predicted and observed risks in the internal validation cohort, 
although some deviation from ideal calibration was observed 
at higher predicted probabilities. The validation calibration 
intercept was 1.290 and the calibration slope was 2.161; the 
corresponding optimism‑corrected estimates were 1.268 and 
2.137. These findings suggest that calibration was not uniform 
across the full predicted‑risk range and should be reassessed 
in future temporal and external validation. Decision curve 
analysis showed that the XGBoost model provided higher 

estimated net benefit than the treat‑all and treat‑none strategies 
across much of the threshold range displayed in Fig. 2. Because 
the analysis was based on single‑center internal validation, 
it should be interpreted as preliminary decision‑analytic 
evidence rather than proof of clinical utility.

SHAP‑based interpretation of the final XGBoost model. SHAP 
analysis was performed in the validation cohort to interpret 
the final XGBoost model. The 10 highest‑ranked predictors 
according to mean absolute SHAP value, in descending order, 
were postoperative pain NRS score at 2 h, emergency cesarean 
delivery, time to first documented turning, lower limb numbness 
within 0‑4 h, systolic blood pressure at 2 h, body mass index, 
preoperative hemoglobin, age, intraoperative fluid volume and 
dizziness or orthostatic discomfort within 0‑4 h. Postoperative 
pain NRS score at 2 h had the highest mean absolute SHAP 
value (0.6876). The SHAP summary plot indicated that higher 
pain scores, emergency cesarean delivery, later time to first 
documented turning, lower limb numbness, higher body mass 
index, lower preoperative hemoglobin, lower systolic blood 
pressure and dizziness or orthostatic discomfort generally 
shifted predictions toward a higher estimated risk of ambula‑
tion failure. Although age and intraoperative fluid volume did 
not show statistically significant between‑group differences in 
the univariable comparisons presented in Table II, they ranked 
among the 10 highest predictors by mean absolute SHAP value 
in the multivariable XGBoost model. This is not contradictory, 
because SHAP importance reflects a variable's contribution to 
model predictions, including possible non‑linear and interac‑
tion effects, rather than statistical significance in univariable 
hypothesis testing. No simple directional interpretation was 

Figure 1. Receiver operating characteristic curves of the five prediction models in the training and validation cohorts. (A) Receiver operating characteristic 
curves of logistic regression, random forest, support vector machine, XGBoost and LightGBM models in the training cohort. (B) Receiver operating charac‑
teristic curves of the five models in the internal validation cohort. The AUC is shown for each model. Although random forest showed the highest apparent 
discrimination in the training cohort, its performance decreased in the validation cohort, suggesting potential overfitting. In the validation cohort, LightGBM 
achieved an AUC of 0.809 and XGBoost achieved an AUC of 0.805; the paired DeLong test showed no statistically significant difference between the two 
models (P=0.647). XGBoost was selected as the final model because it showed higher sensitivity, negative predictive value and F1 score, which were more 
closely aligned with the clinical objective of identifying high‑risk women and minimizing missed high‑risk cases. AUC, area under the receiver operating 
characteristic curve; XGBoost, Extreme Gradient Boosting.
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assigned to these variables because their SHAP distributions 
did not demonstrate a sufficiently clear monotonic pattern. 
These findings show that demographic, perioperative and early 
postoperative nursing assessment variables contributed to 
individualized risk predictions. SHAP values represent predic‑
tive contributions rather than causal effects. The dependence 
plot further showed that higher postoperative pain NRS scores 
at 2 h were generally associated with higher SHAP values and 
greater predicted risk (Fig. 3).

Discussion

In the present single‑center retrospective cohort study, five 
prediction models were developed and internally validated for 
failure of first ambulation within 12 h after cesarean delivery 
using routinely collected perioperative nursing assessment 
data. The overall incidence of ambulation failure was 21.9%, 
indicating that ~1/5 women did not complete first ambula‑
tion within the early postoperative window. Among the five 
models, LightGBM achieved a marginally higher validation 
AUC and a lower Brier score, whereas XGBoost achieved 
higher sensitivity, negative predictive value and F1 score. 
The paired DeLong test showed no statistically significant 
difference between the validation AUCs of XGBoost and 
LightGBM, indicating comparable discrimination. Because 
the clinical purpose of the model was to identify women at 
high risk and minimize missed high‑risk cases, XGBoost was 
selected as the final model.

Early ambulation is a core element of enhanced recovery 
pathways and is closely related to postoperative functional 
recovery. Although enhanced recovery programs were initially 
developed in general surgery, their principles have been 
increasingly adopted in obstetric care to improve maternal 
recovery, reduce unnecessary immobilization and promote 
earlier return to self‑care and infant care (15). Previous studies 
have suggested that structured enhanced recovery pathways 
after cesarean delivery can shorten postoperative length of 
stay, improve pain control and increase maternal satisfaction 
when implemented with multidisciplinary support  (16,17). 
However, early mobilization after cesarean delivery differs 
from mobilization after numerous other surgical procedures 
because women may experience residual neuraxial anesthesia 
effects, lower limb weakness or numbness, uterine contraction 
pain, incision pain, urinary catheter‑related discomfort and 
orthostatic symptoms within the first postoperative hours. 
Therefore, predicting failure of early ambulation is clinically 
meaningful because it reflects the interaction between surgical 
recovery, anesthesia recovery, pain control, hemodynamic 
stability and bedside nursing assessment.

The incidence of failure of first ambulation in the present 
study was 21.9%, which appears clinically plausible for a 12‑h 
postoperative endpoint. Previous enhanced recovery studies 
have reported improvements in early mobilization, but the 
exact timing and definition of ambulation vary considerably 
across institutions (18). Some studies define early ambulation 
as sitting out of bed, standing, walking a short distance or 
walking independently, whereas others consider mobilization 
as a broader process that includes turning, sitting, dangling, 
standing and walking (19). In the present study, the outcome 
was defined as failure to complete first ambulation within 12 h 
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Figure 2. Calibration performance and decision curve analysis of the final XGBoost model. (A) Calibration curves of the XGBoost model in the training 
and internal validation cohorts. The dashed diagonal line represents perfect agreement between predicted and observed risks. The curves showed general 
agreement, with some deviation from ideal calibration at higher predicted probabilities in the internal validation cohort. (B) Decision curve analysis of the 
XGBoost model across the threshold probabilities displayed in the figure. The XGBoost model showed higher estimated net benefit than the treat‑all and 
treat‑none strategies across much of the evaluated range. These findings represent preliminary decision‑analytic evidence within the source population and do 
not establish clinical utility or improved patient outcomes. XGBoost, Extreme Gradient Boosting.

Figure 3. SHAP‑based interpretation of the final XGBoost model. (A) SHAP importance plot showing the 10 highest‑ranked predictors according to mean 
absolute SHAP value, in descending order: postoperative pain NRS score at 2 h, emergency cesarean delivery, time to first documented turning, lower limb 
numbness within 0‑4 h, systolic blood pressure at 2 h, body mass index, preoperative hemoglobin, age, intraoperative fluid volume and dizziness or orthostatic 
discomfort within 0‑4 h. (B) SHAP summary plot showing the distribution and direction of feature contributions to model predictions. Higher postoperative 
pain scores, emergency cesarean delivery, later time to first documented turning, lower limb numbness, higher body mass index, lower preoperative hemo‑
globin, lower systolic blood pressure and dizziness or orthostatic discomfort generally shifted predictions toward a higher estimated risk of failure of first 
ambulation. Age and intraoperative fluid volume contributed to model predictions, although their SHAP distributions did not indicate a simple monotonic 
direction of association. SHAP values represent predictive contributions and should not be interpreted as causal effects. In particular, time to first documented 
turning was a dynamically updated early recovery marker rather than an independent causal determinant of ambulation failure. (C) SHAP dependence plot 
for postoperative pain NRS score at 2 h, showing that higher pain scores were generally associated with higher SHAP values and greater predicted risk. 
NRS, numeric rating scale; SHAP, SHapley Additive exPlanations.
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or discontinuation of an ambulation attempt because of docu‑
mented intolerance. This definition is practical for nursing 
documentation because it captures both absence of ambula‑
tion and failed ambulation attempts. It also better reflects 
real‑world bedside decision‑making, where the reason for 
stopping ambulation is often as important as the timing itself.

Among all predictors, postoperative pain NRS score at 
2 h was the most important contributor to the final XGBoost 
model. This finding is consistent with the clinical observation 
that inadequate pain control is one of the most direct barriers to 
turning, sitting, standing and walking after cesarean delivery. 
Acute post‑cesarean pain is affected by incision pain, uterine 
involution pain, visceral discomfort, anxiety and individual 
pain sensitivity. Poorly controlled acute pain can limit respira‑
tory effort, reduce willingness to move, delay breastfeeding 
positioning and impair maternal functional recovery (20). In 
addition, severe acute pain after childbirth has been associated 
with persistent pain and postpartum psychological morbidity, 
suggesting that early pain assessment should not be regarded 
only as a comfort indicator but also as a functional recovery 
marker (21). The present finding supports the importance of 
pain‑guided mobilization planning. Women with high pain 
scores at 2 h may benefit from timely analgesic optimization, 
nonpharmacological comfort measures, abdominal support 
and stepwise assisted mobilization rather than routine encour‑
agement alone.

Emergency cesarean delivery was the second most impor‑
tant predictor. Compared with elective cesarean delivery, 
emergency cesarean delivery is often associated with greater 
preoperative anxiety and psychological stress, reflecting 
the more urgent and less predictable clinical circumstances 
surrounding emergency delivery  (22). These factors may 
contribute to postoperative fatigue, anxiety, pain perception, 
hemodynamic instability, and delayed readiness for mobiliza‑
tion. Previous obstetric anesthesia and recovery studies have 
shown that emergency cesarean delivery is associated with 
higher perioperative stress and less predictable postoperative 
recovery compared with scheduled procedures (23). In the 
present study, the high SHAP ranking of emergency cesarean 
delivery suggests that procedure context should be incorporated 
into nursing assessment. Women after emergency cesarean 
delivery may need more proactive postoperative education, 
reassurance, pain assessment and supervised mobilization.

First turning time was another influential predictor in the 
present XGBoost model. It was defined as the elapsed time from 
completion of surgery to the earliest documented spontaneous 
or assisted turning in bed and was treated as a dynamically 
updated indicator of early functional recovery. Turning in 
bed is an early nursing‑observed activity that generally 
occurs before sitting, standing and ambulation in progressive 
postoperative mobilization pathways (24). However, delayed 
first turning may itself reflect pain, residual motor or sensory 
block, dizziness, fatigue, reduced activity tolerance or the need 
for additional nursing assistance. It may therefore lie on the 
recovery pathway leading to ambulation and should not be 
interpreted as an independent causal determinant of ambula‑
tion failure. Its SHAP importance indicates that it contributed 
to model predictions but does not demonstrate that delayed 
turning caused the outcome or that accelerating turning alone 
would reduce the risk of ambulation failure. Clinically, delayed 

first turning may instead serve as an early warning signal 
prompting reassessment of pain, lower limb recovery, hemo‑
dynamic tolerance and readiness for progressive mobilization.

Lower limb numbness within 0‑4  h was also notably 
associated with ambulation failure in the present study. This 
finding is clinically reasonable because most cesarean deliv‑
eries are performed under neuraxial anesthesia, and residual 
sensory or motor block may impair balance, confidence and 
safety during standing or walking. Although early ambulation 
is encouraged in enhanced recovery pathways, mobilization 
should occur only after adequate recovery of lower limb 
strength and sensation. Inappropriate ambulation before full 
recovery may increase the risk of falls or injury. Postoperative 
mobility assessment after neuraxial anesthesia therefore 
requires careful evaluation of lower limb sensation, muscle 
strength, dizziness and hemodynamic status (25). The impor‑
tance of lower limb numbness in the present SHAP analysis 
highlights the need to distinguish between unwillingness to 
ambulate and temporary physiological inability to ambulate. 
For women with residual numbness, nursing care should focus 
on reassessment, fall prevention and delayed but supervised 
mobilization when safe.

Systolic blood pressure at 2 h and dizziness or orthostatic 
discomfort within 0‑4 h were also important predictors in the 
present study, indicating that hemodynamic tolerance is a key 
determinant of successful ambulation. Orthostatic intolerance 
after surgery may manifest as dizziness, nausea, blurred vision, 
weakness, sweating or hypotension during sitting or standing. 
These symptoms may be related to neuraxial anesthesia, blood 
loss, fasting, fluid shifts, vasodilation, pain and limited oral 
intake. Previous perioperative studies have shown that ortho‑
static intolerance is a frequent barrier to early mobilization 
and may delay recovery even when surgical complications are 
absent (26,27). In the present study, lower systolic blood pressure 
and dizziness or orthostatic discomfort contributed to higher 
predicted risk, supporting the need for structured pre‑ambula‑
tion assessment. Before first ambulation, nurses should evaluate 
blood pressure, symptoms during position change, lower limb 
strength, pain control and availability of assistance.

Body mass index and preoperative hemoglobin were 
also included among the top SHAP predictors in the present 
analysis. Higher body mass index may increase the physical 
difficulty of turning, standing and walking after abdominal 
surgery and may also be associated with longer operative 
time, higher anesthetic complexity and greater postopera‑
tive discomfort. Obesity has been associated with increased 
cesarean‑related morbidity and delayed functional recovery in 
several obstetric studies (28). Lower preoperative hemoglobin 
may reflect reduced physiological reserve, anemia‑related 
fatigue and lower tolerance to blood loss, all of which may 
affect early mobilization capacity. Postpartum anemia has 
been associated with fatigue, reduced quality of life, impaired 
cognition and depressive symptoms, which may indirectly 
influence willingness and ability to ambulate  (29). These 
findings suggest that women with high BMI or anemia may 
require more individualized recovery planning, including early 
support, gradual mobilization, and close symptom monitoring.

A notable strength of the present study is that the model 
was developed using routinely available perioperative and 
nursing assessment data rather than specialized tests or 
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complex imaging. The 10 highest‑ranked predictors included 
demographic characteristics, perioperative variables and early 
postoperative nursing observations, specifically postoperative 
pain NRS score at 2 h, emergency cesarean delivery, time to 
first documented turning, lower limb numbness within 0‑4 h, 
systolic blood pressure at 2 h, body mass index, preoperative 
hemoglobin, age, intraoperative fluid volume and dizziness 
or orthostatic discomfort within 0‑4 h. Of these variables, 
numerous are already recorded during routine perioperative 
care, which may facilitate future workflow integration. A risk 
estimate generated during the early postoperative recovery 
period could help nurses prioritize patients for reassessment, 
analgesic optimization, supervised mobilization, fall‑risk 
prevention and individualized health education. However, 
the SHAP ranking reflects predictive importance and should 
not be interpreted as demonstrating that each variable is 
independently modifiable or causally related to ambulation 
failure.

The comparison among models also highlights the risk of 
optimism and overfitting in flexible prediction algorithms. The 
available sample size also warrants cautious interpretation. 
Although the training cohort contained 228 outcome events 
for 26 prespecified candidate predictors, categorical encoding 
may have increased the effective dimensionality, and the event 
count may still be insufficient to exclude instability in flexible 
machine‑learning models. The use of cross‑validation and 
constrained boosting parameters reduced but did not eliminate 
the risk of overfitting. Random forest achieved a markedly high 
apparent training AUC of 0.996 but showed a notable decline 
in the internal validation cohort, where its AUC was 0.800. 
This pattern demonstrates why apparent training performance 
cannot be interpreted as expected performance in new patients 
and highlights the importance of adequate sample size and 
internal validation in prediction‑model development (30). The 
other machine learning models may also retain some degree 
of optimism despite their smaller apparent‑to‑validation 
performance gaps, because all models were evaluated using 
an internal split from the same single‑center source popula‑
tion rather than an independent temporal or geographic 
cohort. Among the two leading models, LightGBM achieved 
a marginally higher validation AUC and a lower Brier score, 
whereas XGBoost achieved higher sensitivity, negative predic‑
tive value and F1 score. The paired DeLong test showed no 
statistically significant difference between their validation 
AUCs (P=0.647), indicating comparable discrimination. 
False‑negative predictions could lead to missed opportunities 
for reassessment, analgesic optimization, fall‑risk preven‑
tion, or supervised mobilization, whereas false‑positive 
predictions could increase nursing workload or unnecessary 
assistance. Because the initial intended use is risk‑sensitive 
early screening, sensitivity, negative predictive value and F1 
score were prioritized after confirming comparable discrimi‑
nation. Therefore, XGBoost was retained as the final model, 
while recognizing that its apparent performance and clinical 
impact require temporal and external validation.

Calibration and decision curve analysis provided addi‑
tional information beyond discrimination. Discrimination 
alone is insufficient for evaluating a prediction model because 
a model with a high AUC may still produce poorly calibrated 
risk estimates (31). In the present study, the calibration curve 

showed acceptable agreement between predicted and observed 
risks within the source population, and decision curve analysis 
indicated a higher estimated net benefit than the treat‑all and 
treat‑none strategies across a range of threshold probabilities. 
Nevertheless, these results were derived from single‑center 
internal validation and cannot establish clinical utility or read‑
iness for bedside decision‑making. Decision curve analysis 
estimates potential net benefit under specified assumptions but 
does not demonstrate that use of the model improves nursing 
decisions or patient outcomes. Appropriate thresholds, trans‑
portability, workflow feasibility and clinical impact should 
therefore be evaluated prospectively in independent external 
populations before implementation is considered.

The use of SHAP analysis provided transparent descrip‑
tions of how recorded variables contributed to individual 
model predictions. Explainability may help clinicians inspect 
whether a prediction is consistent with the available clinical 
record, but it does not establish causal effects, independent 
determinants, modifiable treatment targets or improved 
patient outcomes. This distinction is particularly important for 
time‑updated recovery indicators such as first turning time, 
which may reflect the combined effects of pain, residual anes‑
thesia, activity tolerance and nursing assistance. In the present 
study, SHAP‑ranked variables should therefore be interpreted 
as predictive markers of early postoperative recovery status. 
They may prompt reassessment or safety checks, but the model 
does not establish that changing pain, dizziness, turning time 
or any other highly ranked feature will reduce ambulation 
failure. Interpretable machine learning may facilitate model 
review and error detection, but challenges involving usability, 
clinician trust, workflow integration and prospective evaluation 
remain important before implementation (32).

Transparent reporting and structured risk‑of‑bias assess‑
ment are important for evaluating prediction models but 
do not by themselves establish clinical implementation 
readiness (13,33). Interpretive ‘spin’ may lead preliminary or 
internally validated findings to be perceived as demonstrating 
greater clinical benefit than the study design supports (34). 
Prospective registration can improve transparency in future 
validation and implementation research  (35). Broader 
biomarker research further illustrates that the clinical 
meaning of a predictive marker depends on its measurement 
context, target population, reproducibility and intended 
decision pathway  (36‑38). Accordingly, the SHAP‑ranked 
variables in the present study should be interpreted as predic‑
tive markers of early postoperative recovery status rather than 
independently causal or immediately actionable intervention 
targets.

The present study has several limitations. First, it was 
conducted in a single tertiary hospital, and local nursing 
protocols, anesthesia practices, postoperative mobilization 
routines, case mix and documentation habits may limit trans‑
portability to other settings. The random training‑validation 
split assessed performance only within the same source popu‑
lation and does not constitute temporal or geographic external 
validation. Consequently, the model should not be regarded 
as clinically ready, and its performance requires evaluation 
in independent multicenter cohorts before implementation 
can be considered. Accordingly, the model applies only to 
relatively stable postoperative women considered clinically 
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eligible for early mobilization and should not be generalized 
to all women undergoing cesarean delivery. In particular, it 
should not be extrapolated to women transferred to intensive 
care, women with severe postpartum hemorrhage, women with 
explicit medical restrictions on ambulation or women with 
severe postoperative complications. Second, the retrospective 
design may have introduced selection and information bias 
because eligibility, predictors and outcomes depended on 
routine documentation. Although the final analytic dataset 
contained no item‑level missing values, undocumented 
symptoms or ambulation attempts could still have resulted 
in measurement error or outcome misclassification, and 
exclusion of records with insufficient information may have 
introduced selection bias. Third, time to first documented 
turning was a dynamically updated recovery indicator rather 
than a predictor available at a uniform fixed postoperative 
time point. Its availability depended on when turning occurred 
and was documented, which should be considered when 
interpreting the model and designing prospective validation 
studies. Fourth, some potentially relevant variables were 
unavailable, including detailed neuraxial block regression 
time, exact analgesic dosing, breastfeeding attempts, patient 
motivation, family support, sleep quality and nurse‑to‑patient 
ratio. Fifth, decision curve analysis estimates potential net 
benefit under specified assumptions but does not demonstrate 
improved care or patient outcomes. Finally, SHAP analysis 
does not establish causality. Predictors such as pain, time to 
first documented turning and dizziness should be interpreted 
as predictive markers of recovery status rather than proven 
causal factors or independently modifiable intervention 
targets. Future research should define a uniform prediction 
time, undertake temporal and geographic external validation, 
assess calibration and decision thresholds across settings, and 
prospectively determine whether model‑guided assessment 
improves nursing decisions or postoperative recovery.

In summary, the present study developed and internally 
validated an explainable XGBoost model for predicting 
failure of first ambulation within 12 h after cesarean delivery 
using routinely collected perioperative nursing assessment 
data. The model demonstrated good discrimination and 
acceptable calibration within this single‑center retrospec‑
tive cohort, and its performance was comparable to or better 
than that of the other evaluated models according to clini‑
cally relevant classification metrics. The 10 highest‑ranked 
predictors according to mean absolute SHAP value were 
postoperative pain NRS score at 2 h, emergency cesarean 
delivery, time to first documented turning, lower limb numb‑
ness within 0‑4 h, systolic blood pressure at 2 h, body mass 
index, preoperative hemoglobin, age, intraoperative fluid 
volume and dizziness or orthostatic discomfort within 0‑4 h. 
Time to first documented turning should be interpreted 
as a dynamically updated marker of functional recovery 
rather than a causal determinant of ambulation failure, and 
SHAP rankings represent predictive contributions rather 
than causal effects. These findings indicate that explainable 
machine learning may offer a useful framework for early risk 
stratification and individualized postoperative mobilization 
planning after cesarean delivery. External and prospective 
validation are needed to determine its transportability and 
clinical impact before routine implementation.
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