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Objective: This study aimed to develop and validate a risk prediction model for unfavorable functional recovery at 6 months after
stroke, incorporating clinical and modifiable nursing-related predictors to support early risk stratification and individualized nursing
interventions.

Methods: A retrospective cohort study included 1340 stroke patients from a tertiary hospital. Demographic, clinical, imaging,
nursing, and psychosocial data were collected. The dataset was split into training and testing sets at a 7:3 ratio using outcome-stratified
sampling. Univariate analysis and multivariable logistic regression were used as a predictor screening procedure. A nomogram-based
risk prediction model was developed and evaluated for discrimination, calibration, and clinical utility. Patients were further stratified
into low-, intermediate-, and high-risk groups based on predicted probability tertiles from the training set.

Results: Older age, prior stroke history, comorbidity burden, longer onset-to-admission time, greater neurological deficit severity,
lower Glasgow Coma Scale score, and brainstem lesions were independent predictors of unfavorable recovery. Early out-of-bed
mobilization within 48 hours, higher self-management behavior score, absence of depressive symptoms, and better social support were
linked to reduced risk. The model showed good discrimination and calibration in both sets. Risk stratification showed a stepwise
increase in unfavorable recovery rates across the three risk groups. Decision curve analysis indicated net clinical benefit within
a reasonable threshold probability range.

Conclusion: The developed model combines clinical and modifiable nursing-related predictors and demonstrates good predictive
performance. It may serve as a practical tool for early risk stratification and targeted nursing interventions in stroke patients.
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Introduction

Stroke places a substantial burden on patients and health care systems worldwide. Despite advances in acute manage-
ment, functional outcomes after discharge remain highly heterogeneous, and a notable proportion of patients continue to
experience activity limitations that impair daily functioning and social participation.' Therefore, identifying individuals
at high risk of poor recovery early after stroke and applying targeted interventions remains a key issue in stroke
rehabilitation and nursing management. Functional recovery after stroke is affected by many factors.* Clinical character-
istics such as age, stroke severity, lesion location, and comorbidity burden have been confirmed to relate closely to
prognosis, yet most of these features are not modifiable or are difficult to change in a short period.”’ In recent years,
increasing attention has been given to the roles of nursing behaviors, patient self-management capacity, and psychosocial
factors during rehabilitation. Elements such as early mobilization, rehabilitation adherence, emotional status, and social
support may influence long-term outcomes by affecting rehabilitation engagement and neural recovery processes.®
Nevertheless, existing studies often focus on one or only a few nursing factors, and analyses that integrate clinical,
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nursing, and psychosocial variables in one framework remain limited. Against this background, risk prediction models
have become important tools for outcome assessment after stroke. Prediction models based on multivariable regression
can stratify risk early and support clinical decision-making.” However, many previous models mainly emphasize medical
indicators, underuse the potential value of nursing and behavioral factors, and some tools show limited practicality, which
restricts their application in nursing practice. For these reasons, building a model that combines clinical features with
modifiable nursing factors is meaningful for guiding targeted nursing interventions after stroke.

Accordingly, this retrospective cohort study collected demographic, clinical, imaging, nursing, and psychosocial
measures in patients with stroke. A risk prediction model for unfavorable functional recovery after stroke was developed
and validated by combining clinical and modifiable nursing-related predictors. Patients were further assigned to risk
groups based on predicted probabilities. The model was presented as a nomogram, and its discrimination, calibration, and
decision curve performance were assessed. This study aimed to provide evidence for early risk stratification and
individualized nursing interventions in patients with stroke. The results may support decision-making in nursing

assessment and rehabilitation management.

Participants and Methods

Participants

A retrospective cohort study was conducted at a single tertiary hospital. Consecutive patients with stroke admitted
between January 2024 and December 2024 were included. Clinical data were retrieved from the electronic medical
record system. Inclusion criteria were: (1) age > 18 years; (2) diagnosis of stroke based on established diagnostic criteria
and confirmed by imaging examinations;> (3) receipt of standardized acute-phase treatment during hospitalization
(including but not limited to intravenous thrombolysis, endovascular therapy, or standard medical therapy); (4) ability
to complete at least 6 months of follow-up after discharge with complete follow-up data; (5) complete medical records,
including admission National Institutes of Health Stroke Scale (NIHSS) score, imaging findings, and treatment and
nursing records. Exclusion criteria were: (1) severe neurodegenerative disease, end-stage disease, or other conditions that
substantially affect functional recovery; (2) missing or incomplete data that prevented valid analysis; (3) no follow-up
after discharge or inability to provide 6-month follow-up data.

Sample size was determined based on stability principles for prediction modeling. Using the rule of at least 15-20
outcome events per variable, together with 18 candidate predictors and an unfavorable recovery rate of about 30% at 6
months,'” and further allowing a 10% increase for potential loss to follow-up or missing outcome data, the target sample
size was set at no less than 18x20 / 0.3 / 0.9 = 1334. Ultimately, 1,340 patients with complete 6-month follow-up and
outcome data were included. The study was reviewed and approved by the Ethics Committee of Affiliated Second
Clinical Hospital, Harbin Medical University (approval number: KY2025-194). As this study employed a retrospective
design and did not involve any additional interventions, all clinical data were anonymized prior to analysis. The ethics
committee approved a waiver of written informed consent. All methods were carried out in accordance with Declaration
of Helsinki.

Measures

Candidate predictors were chosen based on published findings from prior studies on post-stroke functional outcomes and
on clinical practice experience.™'! The variables covered demographic characteristics, disease severity, nursing-related
measures, and psychosocial factors. This approach ensured that the screening process took both statistical validity and
clinical practicality into account.

Validated scales and assessment tools were used to support reliability and validity. Functional outcome was mainly
assessed using the modified Rankin Scale (mRS), ranging from 0 to 6. Scores of 0-2 were defined as favorable recovery,
and scores >3 were defined as unfavorable recovery. The mRS score at 6 months after discharge served as the primary
outcome measure. Patients were divided into a favorable recovery group and an unfavorable recovery group based on this
score. The grouping was used for model construction.'?
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For disecase severity, the NIHSS was used to assess neurological deficit at admission. The NIHSS yields scores
between 0 and 42, with increasing scores reflecting greater neurological impairment.'* The Glasgow Coma Scale (GCS)
was used to assess consciousness, ranging from 3 to 15, where lower values denote more severe impairment of
consciousness. '

Regarding modifiable nursing factors, self-management behavior was measured by the Stroke Self-Management
Behaviors Performance Scale (SSBPS). The scale provides a total score from 0 to 100, with higher scores representing
stronger self-management capacity.'* This scale reflects self-management in disease management, rehabilitation beha-
viors, and health promotion.

Depression severity was measured with the Patient Health Questionnaire-9 (PHQ-9). This instrument generates scores
ranging from 0 to 27, with higher values indicating greater severity of depressive symptoms. Based on prior research and
commonly used clinical cutoffs,'> PHQ-9 >10 was defined as clinically significant depressive symptoms.

Social support was assessed using the Social Support Rating Scale (SSRS), a tool routinely applied in stroke nursing
assessments at the study hospital. It is generally completed within 48—72 h after admission when the patient is relatively stable,
under nurse guidance via face-to-face interview, and recorded in the electronic medical record system. The total score ranges
from 12 to 66, with higher scores reflecting greater levels of social support. At present, there is no unified clinical cutoff value for
the SSRS in stroke populations, and the purpose of this study was risk prediction rather than clinical classification of social
support levels. Therefore, a sample distribution—based stratification strategy was adopted, in which patients were categorized
according to the median total SSRS score of the study sample. This approach helped avoid bias introduced by arbitrary cutoff
selection and ensured statistical stability and reproducibility during model development. SSRS >40 was defined as “high social
support” and <40 as “non-high social support”.'®

Rehabilitation training adherence was measured using the Adherence Rating for Rehabilitation Scale (ARRS).
This score was derived from daily records of rehabilitation implementation by therapists and responsible nurses
during hospitalization, and it is stored in structured form in the electronic medical record system. The ARRS yields
a total score between 0 and 100, with higher scores denoting better adherence to rehabilitation training. According
to the scale’s recommended standard,'” ARRS >80 was defined as “high adherence”, and <80 as “non-high

adherence”.

Data Collection

Relevant clinical data, encompassing patient demographics, disease severity measures, treatment information, and
hospitalization processes, were obtained from the hospital’s electronic medical record system through retrospective
review of clinical charts. Functional recovery data were obtained from follow-up records after discharge. Accuracy and
completeness of the data were confirmed through independent checks conducted by trained staff.

Quality control procedures were implemented as follows. First, all data collectors received standardized training
covering chart extraction, data entry requirements, and completeness checks. Second, data entry was performed
independently by two researchers with double verification. When discrepancies occurred, a third researcher reviewed
the source records to confirm the final values. In addition, periodic internal checks were conducted during data collection
to maintain consistency and completeness.

Missing data were handled using the following strategy. The primary outcome variable (mRS score at 6 months after
discharge) was not imputed. Cases with missing outcome data were removed at the inclusion stage. For missing values in
predictor variables, the missing at random (MAR) assumption was considered appropriate. All data came from a standardized
electronic medical record system. No clear systematic link was found between the reason for missingness and patient
outcomes. Under this assumption, multiple imputation by chained equations (MICE) was applied. Five imputed datasets
were generated and pooled according to Rubin’s rules before regression analyses were conducted. Predictor variables with
more than 30% missing data were excluded prior to imputation and omitted from all subsequent analyses. The number of
excluded cases was consistent with the loss rate prespecified in the sample size estimation in Participants. After data
collection, a final audit was conducted to confirm completeness, accuracy, and internal consistency.
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Statistical Analysis

All statistical analyses were conducted using SPSS software. All analyses were two-sided, and a P value < 0.05
was considered statistically significant. Continuous variables were summarized as mean + standard deviation or
median (interquartile range), depending on data distribution. Group comparisons for continuous variables were
performed using the independent-samples ¢ test or the Mann—Whitney U-test, as appropriate. Categorical variables
were presented as counts (percentages) and compared using the y’-test. Unfavorable functional recovery at 6
months after discharge (mRS >3) was defined as the outcome variable. Univariate analyses were first performed.
Variables with P < 0.10 in univariate analysis were entered into a multivariable logistic regression model. This
step served as a predictor screening procedure to identify independent predictors for inclusion in the final model.
Continuous variables were included in the model as original values, and categorical variables were coded as yes =
1 and no = 0. Regression results were expressed as odds ratios (OR) with 95% confidence intervals (CI).

All participants were divided into a training set and a testing set at a 7:3 ratio using outcome-stratified random sampling.
The training set was used for model development and the testing set was used for validation. Discrimination was assessed
using the receiver operating characteristic (ROC) curve and the area under the curve (AUC). Calibration was evaluated using
the Hosmer-Lemeshow test, calibration curve, and Brier score. Clinical utility was examined using decision curve analysis
(DCA). To further evaluate internal stability, 10-fold cross-validation was performed on the full dataset. The data were split
into 10 equal parts, with nine parts used for training and one part used for validation in each iteration. This process was
repeated 10 times and mean performance metrics were calculated to assess predictive stability across different data partitions.
The 33rd and 66th percentiles of predicted probabilities from the training set were calculated as tertile-based cut-off points.
These thresholds were used to classify patients into low-, intermediate-, and high-risk groups. The same cut-off values were

then applied to the testing set to evaluate the model’s risk stratification performance in an independent sample.

Results

Baseline Characteristics Comparison

Among the 1,340 patients included, 469 (35.0%) had unfavorable functional recovery at 6 months after discharge, while
871 (65.0%) showed favorable recovery. After outcome-stratified random splitting at a 7:3 ratio, the training set and test
set included 938 and 402 patients, respectively. No statistically significant differences were observed between the two
sets in functional outcome, age, sex, prior stroke history, comorbidity count, stroke type, onset-to-admission time,
admission NIHSS, GCS score, lesion location distribution, or multiple nursing-related variables (all P > 0.05), indicating

good comparability in demographic features, disease severity, and nursing-related factors. (Table 1).

Univariate Analysis of Patients With Different Functional Outcomes

Univariate analysis showed that age, educational level, living arrangement, prior stroke history, comorbidity count, onset-
to-admission time, admission NIHSS score, admission GCS score, brainstem lesions, as well as SSBPS score, early out-
of-bed mobilization within 48 h, high ARRS, PHQ-9 >10, and high SSRS score were significantly associated with
unfavorable functional recovery at 6 months (P < 0.05) (Table 2).

Multivariable Logistic Regression for Predictor Selection

Multivariable analysis revealed that older age, prior stroke history, comorbidity count > 2, longer onset-to-admission
time, higher admission NIHSS score, brainstem lesions, and PHQ-9 > 10 were independent predictors of increased risk
of unfavorable functional recovery (P < 0.05). Higher admission GCS score, higher SSBPS score, early out-of-bed
mobilization within 48 hours, and higher SSRS score were independent predictors of reduced risk of unfavorable

functional recovery (P < 0.05). These variables were subsequently incorporated into the risk prediction model.
(Table 3).
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Table | Baseline Characteristics Comparison

Variable Total (n = 1,340) | Training Set (n = 938) | Test set (n = 402) | P value
Favorable functional recovery, n (%) 871 (65.0) 610 (65.0) 261 (64.9) 0.98
Unfavorable functional recovery, n (%) 469 (35.0) 328 (35.0) 141 (35.1) —
Age, years, mean + SD 66.1 £ 11.6 66.0 £ 11.6 664+ 11.7 0.61
Male sex, n (%) 785 (58.6) 552 (58.9) 233 (58.0) 0.78
Education (high school or above), n (%) 588 (43.9) 409 (43.6) 179 (44.5) 0.74
Marital status (married), n (%) 966 (72.1) 676 (72.1) 290 (72.1) 0.99
Living alone, n (%) 335 (25.0) 233 (24.8) 102 (25.4) 0.8l
History of stroke, n (%) 346 (25.8) 240 (25.6) 106 (26.4) 0.77
Comorbidity count 22, n (%) 470 (35.1) 329 (35.1) 141 (35.1) 0.99
Ischemic stroke, n (%) 1,134 (84.6) 792 (84.4) 342 (85.1) 0.73
Onset-to-admission time, h, mean + SD 45+20 45+20 4.6 +2.0 0.48
Admission NIHSS, median (IQR) 9 (6-14) 9 (6-14) 9 (6-14) 0.92
Admission GCS, median (IQR) 14 (13-15) 14 (13-15) 14 (13-15) 0.88
Brainstem lesion, n (%) 241 (18.0) 166 (17.7) 75 (18.7) 0.83
Early out-of-bed mobilization (<48 h), n (%) 640 (47.8) 448 (47.8) 192 (47.8) 1.00
High adherence (ARRS), n (%) 722 (53.9) 506 (53.9) 216 (53.7) 0.96
SSBPS score, mean * SD 63.1 £ 122 63.0 £ 12.2 63.3 + 12.1 0.72
PHQ-9 score, median (IQR) 8 (5-12) 8 (5-12) 8 (5-12) 091
SSRS total score, mean + SD 393+76 393+76 39477 0.84
ICU admission, n (%) 280 (20.9) 197 (21.0) 83 (20.6) 0.88
Intravenous thrombolysis, n (%) 812 (60.6) 566 (60.3) 246 (61.2) 0.78

Note: PHQ-9210 was used to define clinically significant depressive symptoms.

Table 2 Univariate Analysis of Unfavorable Functional Recovery at 6 Months After Discharge in Patients with Stroke (n = 1,340)

Variable Unfavorable Recovery (n = 469) | Favorable Recovery (n = 871) | Statistic | P value
Baseline characteristics — — — —
Age, years, mean + SD 69.8 + 10.6 63.6 +11.3 t=96 <0.001
Male sex, n (%) 272 (58.0) 502 (57.6) x* = 0.02 0.89
Education (high school or above), n (%) 184 (39.2) 404 (46.4) =67 0.010
Marital status (married), n (%) 324 (69.1) 642 (73.7) ¥ =33 0.069
Living alone, n (%) 134 (28.6) 201 (23.1) =45 0.034
Prior stroke history, n (%) 158 (33.7) 218 (25.0) =112 | <0.00l
Comorbidity count 22, n (%) 231 (49.3) 309 (35.5) x =271 <0.001
Disease severity — — — —
Ischemic stroke, n (%) 392 (83.6) 750 (86.1) =16 0.21
Onset-to-admission time, h, median (IQR) 9 (4, 20) 7(3,15) Z=-39 <0.001
Admission NIHSS, median (IQR) 9 (6, 12) 52,7 Z=-158| <0.001
Admission GCS, median (IQR) 14 (13, 15) 15 (14, 15) Z=-3.1 0.002
Brainstem lesion, n (%) 142 (30.3) 176 (20.2) x> =157 | <0.00I
Bilateral lesions, n (%) 79 (16.8) 128 (14.7) ¥=10 0.31
Nursing and psychosocial factors — — — —
SSBPS score, mean * SD 523 +87 589 %92 t=-128 | <0.00l
Early out-of-bed mobilization <48 h, n (%) 204 (43.5) 516 (59.3) x> =289 | <0.00l
High adherence (ARRS), n (%) 228 (48.6) 502 (57.6) =99 0.002
PHQ-9 210, n (%) 141 (30.1) 172 (19.8) x =181 <0.001
High SSRS score, n (%) 214 (45.6) 459 (52.7) =58 0.016
Risk Management and Healthcare Policy 2026:19 https: 5
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Table 3 Multivariate Logistic Regression Results for Predictor Selection in Model
Development (n = 938)

Variable B SE Wald > | OR 95% CI P value
Age (per |-year increase) 0.027 | 0.006 20.1 1.03 | 1.021-1.039 | <0.001
Education (high school or above) —0.146 | 0.129 1.28 0.86 | 0.671-1.103 0.258
Marital status (married) —0.181 | 0.138 1.72 0.83 | 0.629-1.097 0.189
Living alone 0.152 | 0.134 1.28 I.16 | 0.892-1.507 0.258
Prior stroke history 0.398 | 0.134 8.79 1.49 | 1.142-1.936 0.003
Comorbidity count 22 0.563 | 0.121 21.6 1.76 | 1.392-2.232 | <0.001
Onset-to-admission time 0.014 | 0.005 7.92 1.0l | 1.009-1.029 0.005
Admission NIHSS score 0.091 | 0.010 83.4 .10 | 1.082-1.118 | <0.001
Admission GCS score —0.118 | 0.044 7.23 0.89 | 0.812-0.969 0.007
Brainstem lesion 0432 | 0.148 8.53 1.54 | 1.151-2.064 0.004
SSBPS score (per |-point increase) | —0.033 | 0.010 32.7 0.97 | 0.953-0.989 0.004
Early out-of-bed mobilization <48 h | —0.431 | 0.150 13.5 0.65 | 0.483-0.874 0.006
High adherence (ARRS) —0.187 | 0.131 2.04 0.83 | 0.642-1.078 0.153
PHQ-9 210 0.343 | 0.157 7.31 .41 | 1.042-1.897 0.028
High SSRS score —0.236 | 0.132 5.45 0.79 | 0.612-0.996 0.046

Development and Evaluation of the Risk Prediction Model for Unfavorable Functional

Recovery After Stroke

Independent predictors identified through multivariable logistic regression were used to develop a risk prediction model
for unfavorable functional recovery at 6 months after stroke in the training set (n = 938). The model was then validated in
the testing set (n = 402). A logistic regression model was constructed with these predictors as independent variables. The
regression equation was as follows:

logit(P)=In[P/(1-P)]=—3.214+0.027%(Age)+0.398%(Prior stroke)+0.563x(Comorbidity count>2)+0.014x(Onset-to-
admission time)+0.091x(Admission NIHSS)—0.118x(Admission GCS)+0.432x(Brainstem lesion)—0.033x(SSBPS
score)—0.431x(Early mobilization<48 h)+0.343%x(PHQ-9>10) —0.236x(High social support). In this equation,
P represents the predicted probability of unfavorable functional recovery at 6 months after discharge. Categorical
variables were coded as yes = 1 and no = 0. Positive coefficients indicate increased risk, whereas negative coefficients
indicate reduced risk.

The logistic regression model was further visualized as a nomogram. Each predictor corresponded to a specific
number of points, and the total score was obtained by summing points across variables. The total score was then mapped
to the predicted probability of unfavorable recovery at 6 months. Higher total points indicate a higher predicted risk
(Figure 1).

Discriminative performance of the model was strong. The AUC was 0.883 during training and remained high at 0.854
in the test set. Sensitivity and specificity at the Youden-based cutoff were 83.2% and 76.4% in the training set and 81.9%
and 75.6% in the test set. 10-fold cross-validation showed a mean AUC of 0.871, which was consistent with the results
from both the training and testing sets. This finding suggested that the model maintained good predictive stability across
different data partitions. (Figure 2, Table 4).

Bias-corrected calibration curves in both datasets showed close alignment with the ideal line, reflecting good
consistency between estimated risks and actual outcomes. The Hosmer-Lemeshow test showed x> = 7.832 and P =
0.452 in the training set, and x* = 6.614 and P = 0.578 in the testing set, indicating adequate model fit. At the same time,
the Brier scores were 0.16 in the training set and 0.18 in the testing set. The mean Brier score from 10-fold cross-
validation was 0.17. These results suggested that the overall prediction error was remained within an acceptable range.
(Figure 3, Table 4).

DCA demonstrated that the model achieved greater net benefit than the treat-all and treat-none strategies across
a broad range of threshold probabilities. The curves for the training set and the test set showed similar trends, and the
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Figure | Nomogram for predicting 6-month unfavorable functional recovery in stroke.

cross-validated curves were close to the apparent curves, suggesting good model stability and and consistent decision
performance within the study sample (Figure 4).

Based on the tertiles of predicted probabilities from the training set, risk stratification cut-off points were set at 0.24
and 0.48. Patients were classified into three groups: low-risk (<0.24), intermediate-risk (0.25-0.47), and high-risk
(>0.48). The rate of unfavorable functional recovery increased stepwise across risk groups in both the training and
testing sets, ranging from 7.7% in the low-risk group to 54.3% in the high-risk group (training set) and from 8.8% to
59.8% (testing set), indicating good risk stratification performance. (Table 5).

Discussion

Poor functional recovery after stroke is a complex outcome resulting from the combined effects of neural injury,
physiological compensation, nursing processes, and psychosocial factors.* This study examined factors associated with
functional outcomes at 6 months after discharge in patients with stroke and developed a risk prediction model based on
these factors. The suggest that long-term functional outcomes are not only closely related to the severity of acute
neurological impairment but are also significantly associated with nursing behaviors, self-management capacity, and
psychosocial support. These results highlight the importance of early identification and management of modifiable
nursing-related factors in addition to routine disease assessment to improve stroke prognosis.

Regarding clinical predictors, older age, prior stroke history, comorbidity count >2, longer onset-to-admission time,
higher admission NIHSS score, lower GCS score, and brainstem lesions were all identified as independent predictors of
unfavorable functional recovery. Previous studies have consistently shown that greater neurological deficits in the acute
phase, as reflected by higher NIHSS scores, are linked to poorer mid- and long-term mRS outcomes, supporting the
central role of NIHSS in prognostic stratification.'®

The association between admission consciousness level, measured by the GCS, and functional outcomes has also
been repeatedly demonstrated in early rehabilitation admission studies, supporting its value as a comprehensive indicator

of impaired brain function and limited systemic compensation. In this study, brainstem lesions were independently
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associated with poor functional recovery, which is consistent with evidence indicating that lesion location and topological
characteristics influence stroke outcomes. Previous cohort studies on brainstem infarction have shown that lesion location
and extent are closely related to disability severity, supporting the sustained impact of brainstem damage on swallowing,

postural control, and gait function.'®
Longer onset-to-admission time was also associated with unfavorable recovery, in line with studies showing that

prehospital delay affects neurological improvement and clinical outcomes.?® Clinical guidelines and evidence-based care

Table 4 Performance Metrics of the Risk Prediction Model Across Validation

Performance Metric Training Set | Testing Set | 10-fold Cross-validation
AUC 0.883 0.854 0.871 £ 0.012
Sensitivity (%) 832 81.9 824+ 1.8
Specificity (%) 764 75.6 76.1 £2.1

Brier score 0.16 0.18 0.17 £ 0.01
Hosmer-Lemeshow x> 7.832 6.614 —
Hosmer-Lemeshow P value 0.452 0.578 —
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represents the “treat none” strategy.

pathways repeatedly emphasize that “time is brain” and identify shortening the time from symptom onset to treatment as

a key strategy for improving functional outcomes.?'

A lower SSBPS score was identified as an independent predictor of unfavorable functional recovery, suggesting that

self-management capacity is an important behavioral indicator of long-term recovery trajectory. Previous studies have

Table 5 Risk Stratification Results of the Prediction Model in the Training and Testing Sets

Dataset Risk Group Predicted Probability Range | n Unfavorable Recovery [n (%)]
Training set (n = 938) Low-risk <0.24 313 24 (7.7)
Intermediate-risk 0.25-0.47 312 86 (27.6)
High-risk 20.48 313 170 (54.3)
Testing set (n = 402) Low-risk <0.24 136 12 (8.8)
Intermediate-risk 0.25-0.47 134 39 (29.1)
High-risk 20.48 132 79 (59.8)

Note: Low-, intermediate-, and high-risk groups were defined using the 33rd and 66th percentiles of predicted probabilities from the training set.
The same cut-off values were applied to the testing set for validation.
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shown that the Stroke Self-Management Behaviors Performance Scale demonstrates good reliability and validity,
supporting its use in clinical risk evaluation. Evidence from self-management support interventions suggests that
improvements in self-management are accompanied by favorable changes in selected rehabilitation-related outcomes,
which supports the inclusion of self-management assessment and targeted enhancement within routine stroke nursing
care pathways.”? Based on this finding, nursing staff can provide structured self-management education during hospi-
talization, covering disease knowledge, rehabilitation guidance, and training in self-monitoring skills after discharge.

Early out-of-bed mobilization within 48 hours was identified as an independent predictor of reduced risk, suggesting
that early activity, when feasible, is associated with better long-term outcomes. In contrast, the AVERT randomized
controlled trial reported that very early, high-dose mobilization within 24 hours reduced the likelihood of favorable
outcomes at 3 months, indicating that the timing and intensity of early mobilization require careful control. Based on this
evidence, the AHA/ASA guidelines clearly state that very early high-dose mobilization within 24 hours should not be
implemented, as it reduces the probability of good outcomes.” Accordingly, the present finding regarding mobilization
within 48 hours complements the AVERT results and supports a stratified, gradual, and tolerable early mobilization
approach rather than a uniform high-intensity strategy. After the patient’s condition stabilizes, nursing staff should
develop a gradual and individualized mobilization plan based on patient tolerance, assist with the first out-of-bed activity
within 48 hours, and adjust activity intensity throughout the care process.

Psychological and social factors also played an important role in this study. PHQ-9 >10 was identified as an
independent predictor of higher risk, indicating a consistent association between depressive symptoms and long-term
disability after stroke. Evidence from systematic reviews and meta-analyses has shown that post-stroke depression is
significantly related to poorer functional outcomes and underscores the importance of early identification and manage-
ment of depressive symptoms during stroke care.*® In addition, longitudinal studies have confirmed associations between
post-stroke depression and adverse outcomes, including functional decline and recurrence, highlighting the clinical value
of routine psychological screening.® Depression screening should be incorporated into routine stroke nursing assess-
ment, and patients with PHQ-9 >10 should receive timely psychological support or referral to professional mental health
services to reduce the impact of depressive symptoms on functional recovery.

Higher social support level was identified as an independent predictor of reduced risk, suggesting that social resources
and care support have a protective role in long-term recovery. Studies on social support in stroke populations have shown
that social connection and participation are associated with better physical and psychological outcomes, supporting the
role of social support in recovery through enhanced rehabilitation engagement and emotional regulation.”* However,
some studies have reported inconsistent associations between social support and certain functional or quality-of-life
outcomes, indicating that the effects of social support may vary according to measurement dimensions, outcome types,
and population characteristics.”> Including social support as a predictor in the present model facilitates early identifica-
tion of patients with limited social resources and supports targeted allocation of nursing care, which is consistent with
evidence on the role of social support in stroke outcomes. For patients with limited social support, nursing staff should
assess family support resources during hospitalization, collaborate with social workers to develop post-discharge support
plans, and encourage family involvement in the rehabilitation process. Based on the combined influence of the above
clinical and nursing-related predictors, risk stratification was further performed. The rate of unfavorable functional
recovery increased in a stepwise manner across risk groups, suggesting that the model not only has good predictive
ability but also helps nursing staff identify high-risk patients early and implement targeted interventions.

Regarding variable selection, ARRS showed a significant association with unfavorable functional recovery in
univariate screening but was not retained as an independent predictor in the multivariable logistic regression model.
This finding suggests that the effect of ARRS on functional outcomes may be influenced by other related factors within
a multivariable framework. ARRS may be conceptually and practically correlated with nursing-related variables such as
early mobilization and SSBPS, and its effect may therefore be partially overlapped or substituted in the multivariable
model, leading to attenuation of its independent association. In addition, ARRS is a composite score derived from routine
inpatient nursing records, and its measurement process may be affected by differences in documentation standards among
rehabilitation therapists and nursing staff, which could reduce the stability of its effect in multivariable analysis.
Moreover, ARRS mainly reflects rehabilitation implementation during hospitalization, whereas long-term functional
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outcomes may be more strongly influenced by early neurological injury as well as sustained self-management behaviors
and social support. After adjustment for these factors, the independent predictive value of ARRS may have been
weakened. These findings indicate that the role of rehabilitation adherence indicators may be more complex in real-
world studies, and future research may further clarify their mechanisms using more refined adherence measurements and
pathway analysis approaches.

This study used multivariable logistic regression to develop the prediction model, which has a well-established
methodological basis in clinical prediction research and produces interpretable and clinically applicable results. However,
post-stroke functional recovery is influenced by complex interactions among multiple factors. Some relationships, such
as the dose-dependent effect of early mobilization and the collinearity between rehabilitation adherence and other nursing
factors, may exceed the capacity of a linear regression framework. Future studies with larger samples could explore
machine learning and non-linear modelling approaches to better capture these relationships and improve model
performance.

In clinical practice, the nomogram can be completed within 48—72 hours of admission. Clinicians calculate a total
score based on routinely collected clinical, nursing, and psychosocial data and map it to the predicted probability of
unfavorable recovery at 6 months. For patients identified as high-risk, early mobilization guidance, psychological
support, discharge planning, and enhanced follow-up can be prioritized to support individualized nursing decisions.
All predictors in the final model are obtainable through routine early assessment without additional testing. Future work
could identify core variables and develop a simplified bedside tool to improve practical efficiency. Although the model
has not been validated on an independent external dataset, all included variables are routine clinical measures, which
provides a basis for potential use across different settings. External generalizability still requires confirmation through
multi-center prospective studies. Multiple imputation was used to handle missing data, but this approach relies on the
missing at random assumption. If the actual missing data mechanism deviates from this assumption, some bias in model

estimates and predictive performance may remain.

Conclusion

A risk prediction model for unfavorable post-stroke functional recovery was developed and validated. The model
combined clinical and modifiable nursing-related predictors and showed good discrimination, calibration, and clinical
net benefit in both the training and testing sets. Risk stratification based on predicted probabilities further confirmed the
model’s ability to differentiate patient risk levels, providing nursing staff with a practical basis for risk-guided care
decisions. The model can serve as a tool to support early risk stratification before discharge, help nursing staff identify
high-risk patients, and guide targeted interventions, providing evidence for evidence-based nursing and rehabilitation
management in stroke care.

This study has several limitations.

(1) A single-center retrospective design was used and some variables were extracted from routine medical records,
which may introduce selection bias and information bias. Although internal validation was performed using a 7:3 split
combined with 10-fold cross-validation, external validation on an independent dataset was not conducted. The model’s
generalizability across different regions, populations, and healthcare settings requires confirmation through multi-center
prospective research.

(2) Quantitative imaging indicators and longer-term follow-up outcomes were not included, which limits the model’s
ability to capture the dynamic nature of stroke recovery.

(3) A univariate pre-screening combined with multivariable logistic regression was used for predictor selection.
Although the model showed good predictive performance, more systematic methods such as LASSO were not applied to
further optimize the predictor subset.

(4) The model was built on main-effect predictors. Potential interactions among age, stroke severity, early mobiliza-
tion, and psychosocial factors were not systematically assessed, and including these relationships may improve model
performance.
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(5) Continuous predictors were entered as raw values without systematic assessment of potential non-linear relation-
ships using methods such as fractional polynomials. This approach is common in stroke prognostic prediction research,?®
but more flexible modelling strategies could be explored in future studies to further improve predictive performance.

(6) Clinical and modifiable nursing factors were integrated into a single prediction model. A two-stage framework
using fixed clinical factors for initial risk stratification followed by modifiable nursing factors to guide intervention was
not developed. Future studies with larger samples could explore this stepwise approach to further enhance clinical utility.

(7) This study completed model development and internal validation but did not assess model impact. Whether the
model improves nursing decisions and patient functional outcomes in real clinical use has not been confirmed, and
prospective implementation studies are needed to address this gap.
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