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Objective: This study retrospectively examined the potential benefits of cognitive
behavioral therapy (CBT) for post-stroke depression (PSD) and developed an
interpretable machine learning model to predict individual treatment response.
Methods: Clinical and psychological data from 120 PSD patients receiving CBT
and 123 patients in a control group were analyzed. Changes in PHQ-9, GAD-7,
and General Self-Efficacy Scale (GSE) scores were compared between groups.
Within the CBT cohort, a random forest classifier was trained to predict treatment
response and compared with logistic regression and gradient boosting models.
SHAP values and ablation analyses were used to assess feature contributions and
model interpretability.

Results: Baseline characteristics were comparable between groups. The CBT
group showed greater improvement in depressive symptoms than the control
group. Among predictive models, the random forest classifier demonstrated the
highest performance (AUC = 0.897; accuracy = 0.861). SHAP and ablation
analyses consistently highlighted baseline depressive severity (PHQ-9), anxiety
(GAD-7), self-efficacy (GSE), and social support (SSRS) as the most influential
predictors of CBT response.

Conclusion: CBT was associated with greater improvement in depressive
symptoms among patients with post-stroke depression; however, causal
inferences should be made cautiously given the retrospective design. The
proposed machine learning model shows preliminary promise for predicting
treatment response, but further validation in prospective and multi-center
studies is needed before clinical implementation.
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Introduction

Post-stroke depression (PSD) is a common neuropsychiatric
complication, affecting approximately 39%-52% of stroke survivors
and contributing to impaired recovery, reduced quality of life, and
increased mortality (1). Although both pharmacological treatments
and cognitive behavioral therapy (CBT) can be beneficial, accurately
predicting treatment response remains a major clinical challenge.
Conventional approaches often fail to account for individual
variability, and predictive tools have not been widely
implemented in clinical practice (2).

Machine learning (ML) has emerged as a promising approach
for PSD prediction and outcome evaluation. However, current ML
studies are limited by overfitting, insufficient external validation,
and limited interpretability, which hinder their clinical applicability
(3) (4). Developing models that are both robust and interpretable is
therefore essential to improving precision in clinical decision-
making (5).

While several ML-based models have been proposed to predict
PSD, many still lack generalizability and external validation (6, 7),
and their limited interpretability reduces clinicians’ confidence in
automated predictions (6). Moreover, most existing research
focuses on identifying the risk of PSD rather than predicting
treatment response. Evidence suggests that personalized treatment
strategies are crucial for optimizing outcomes, yet factors
influencing CBT response in PSD remain insufficiently
understood (8-10).

To address these gaps, this study retrospectively evaluates CBT
outcomes in PSD patients and develops an interpretable ML model
to predict individual treatment response (11). By integrating
clinical, psychological, and demographic data, we aim to identify
key baseline predictors and improve the transparency and
generalizability of the predictive model through interpretability
techniques such as SHAP.

Advancing PSD treatment through interpretable ML
approaches may contribute to precision medicine in neurology
and psychiatry, providing a foundation for more individualized
rehabilitation strategies and enabling timely, tailored interventions
for stroke survivors.

Materials and methods
Study design and ethical considerations

This was a retrospective study of patients diagnosed with post-
stroke depression (PSD) at Fujian Provincial Geriatric Hospital.
The study protocol was approved by the hospital’s Ethics
Committee (Approval No. 20250803). Data were collected from
electronic medical records, with all procedures following the
principles of the Declaration of Helsinki. Patient confidentiality
was strictly maintained throughout the study.
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Participants: inclusion and exclusion
Criteria

Eligible participants were adults (=18 years) with a clinical
diagnosis of stroke and subsequent depression according to the
Diagnostic and Statistical Manual of Mental Disorders (DSM-5)
(12). Additional inclusion criteria required complete demographic,
clinical, and psychological assessment data. Exclusion criteria were:

Severe cognitive impairment (Mini-Mental State Examination,
MMSE < 24);

History of major psychiatric disorders prior to stroke;

Incomplete or missing medical records.

Only patients with confirmed depression diagnosed within six
months after stroke onset were included in the analysis. A total of
243 patients were enrolled, with 120 in the CBT group and 123 in
the control group.

Data collection

Demographic variables included age, sex, marital status,
educational level, employment status, monthly income, and living
arrangements. Clinical characteristics included stroke type, stroke
side, stroke severity (NIHSS score), comorbidities (e.g., hypertension,
diabetes), and history of psychological or pharmacological treatment.

Psychological and functional assessments included:

Depression: Patient Health Questionnaire-9 (PHQ-9) (13);

Anxiety: Generalized Anxiety Disorder-7 (GAD-7);

Cognitive function: Mini-Mental State Examination (MMSE);

Self-efficacy: Generalized Self-Efficacy Scale (GSE);

Social support: Social Support Rating Scale (SSRS);

Sleep quality: Pittsburgh Sleep Quality Index (PSQI);

Activities of daily living: Barthel Index.

All assessments were performed at baseline (pre-intervention)
and repeated after the intervention.

Diagnosis of post-stroke depression

PSD was diagnosed according to DSM-5 criteria and further
confirmed using the PHQ-9 screening tool (13). A PHQ-9 score =10
was used as the diagnostic threshold, consistent with previous validation
studies demonstrating high sensitivity and specificity for depression
screening in post-stroke populations (14). Diagnoses were
independently confirmed by experienced neurologists and psychiatrists.

Intervention: cognitive behavioral therapy
protocol

The CBT group received an 8-week standardized intervention
delivered by licensed psychologists trained in CBT for depression.
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Each session lasted approximately 60 minutes and was conducted
once weekly, either individually or in groups. Core components of
the CBT program included:

Cognitive restructuring of maladaptive thoughts;

Behavioral activation and problem-solving training;

Relaxation techniques and stress management;

Coping strategy development.

The control group received standard care, consisting of
pharmacological treatment and routine stroke rehabilitation, but
without structured psychological intervention.

Outcome measures

The primary outcomes were changes in PHQ-9, GAD-7, and
GSE scores between baseline and post-intervention. Secondary
outcomes included SSRS, PSQI, Barthel Index, and MMSE scores.

Definition of CBT treatment response

To ensure conceptual clarity, CBT treatment response was
defined prior to statistical and machine learning analyses. A
responder was operationally defined as a patient achieving a >250%
reduction in PHQ-9 score from baseline to post-intervention. This
threshold reflects a clinically meaningful improvement commonly
used in depression treatment research. Patients who did not meet this
criterion were classified as non-responders. This binary outcome was
used in both traditional regression analyses and the development of
the machine learning predictive models.

Statistical analysis

All statistical analyses were performed using R software (version
4.0.3). Continuous variables were examined for distributional
characteristics. Variables following approximately normal
distributions were analyzed using independent-sample t-tests,
whereas skewed variables—such as time since stroke—were
compared using the non-parametric Mann-Whitney U test.

Categorical variables were summarized as counts and
percentages, and compared using chi-square ()?) tests.

To identify independent predictors of CBT response,
multivariate logistic regression was performed using the glm()
function, adjusting for potential confounders. Model results were
expressed as odds ratios (OR) with 95% confidence intervals (CI).

Data preprocessing

All variables were examined for missing data. No missing values
were identified in any demographic, clinical, or psychological
variables in the CBT group (0% missingness). Therefore, a
complete-case analysis was used for all subsequent modeling.
Class imbalance was also assessed, and the distribution of
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responders versus non-responders was found to be moderate. As
a result, no oversampling or undersampling procedures were
applied. To maintain class proportions, all train-test splits were
conducted using stratified sampling. Model performance was
evaluated using AUC and accuracy on the held-out test set. To
prevent information leakage, all post-intervention assessment data
were strictly excluded from feature engineering. This included post-
treatment PHQ-9, GAD-7, GSE, SSRS, PSQI, and MMSE scores, as
well as all change-derived variables (e.g., APHQ-9). Only baseline
demographic, clinical, and psychological variables collected prior to
the initiation of CBT were used as model inputs. No outcome-
related information or variables containing post-intervention
signals were incorporated at any stage of feature construction.

Machine learning model

Model development

A random forest classifier was employed to predict CBT
treatment response. The dataset was divided into training (70%)
and testing (30%) subsets using stratified sampling. The model was
trained using 500 trees, and variables associated with treatment
outcomes (e.g., PHQ-9 post-treatment scores and APHQ-9) were
excluded to prevent information leakage. Continuous variables were
standardized for logistic regression but left unscaled for tree-based
models. Model performance was evaluated on the independent test
set using AUC and accuracy. SHAP values were computed to
enhance interpretability and quantify the contribution of
individual predictors.

Model selection and hyperparameter
optimization

We selected logistic regression and gradient boosting as
representative linear and non-linear baselines commonly used in
clinical prediction studies. Given that the dataset consisted of
tabular demographic, clinical, and psychological variables with a
modest sample size (n=120), tree-based ensemble methods were
considered suitable due to their robustness and interpretability. To
justify model choice, logistic regression, random forest, and
gradient boosting models were trained using identical predictors
and data splits. The random forest achieved the best predictive
performance, as reported in the Results section.

Hyperparameters of the random forest classifier—including
number of trees, maximum depth, minimum samples per node,
and mtry—were optimized using grid search with 10-fold cross-
validation. Search ranges included: number of trees € (200-800),
maximum depth € [None, 5-15], minimum samples per node €
(1-4), and mtry values of \p, p/3, and p/2 (where p is the number of
predictors). Sensitivity analysis across the top-performing
configurations showed minimal variation in AUC, indicating
robustness to moderate hyperparameter changes.

Overfitting was mitigated through 10-fold cross-validation
within the training set during grid search, and model stability was
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further supported by sensitivity analysis across top-performing
configurations. Given the limited sample size and the tree-based
nature of the model, traditional validation/learning curves were not
informative and therefore were not included.

Feature importance assessment

Feature importance was not determined using a fixed threshold.
Instead, SHAP values were used to provide continuous, model-
agnostic estimates of each feature’s contribution. Feature relevance
was further verified through ablation experiments rather than
threshold-based filtering.

Ablation analysis

To evaluate the contribution of key feature groups, three
random forest models were compared: (i) a full model including
all demographic, clinical, and psychological variables, (ii) a model
excluding psychological scales, and (iii) a model using only
psychological scales. All models were trained using identical data
splits and evaluation metrics. Performance was assessed using AUC
and accuracy.

Result

Baseline characteristics of the CBT and
control groups

The baseline characteristics of the CBT group (n = 120) and the
control group (n = 123) are summarized in Table 1. Variables
included demographic information, clinical features, and
psychological assessments. Independent-sample t-tests were
applied for continuous variables and chi-square ()?) tests for
categorical variables.

No statistically significant differences were detected between the
two groups across all baseline measures (all p > 0.05). This
comparability indicates that the groups were well balanced at the
start of the study. Therefore, any differences observed in post-
intervention outcomes can be more confidently attributed to the
CBT intervention rather than to confounding baseline disparities.
Establishing this equivalence strengthens the validity of subsequent
analyses and ensures that the evaluation of CBT efficacy is both
reliable and interpretable.

Factors influencing CBT efficacy in post-
stroke depression patients

Figure 1 presents the baseline comparisons and key predictors
associated with CBT response in patients with post-stroke
depression. The upper-left panel shows that baseline MMSE
scores were comparable between the CBT and control groups,
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indicating similar cognitive function before treatment. The upper-
right panel compares baseline PHQ-9 scores between responders
and non-responders within the CBT group, demonstrating that
individuals with higher baseline depressive severity were more likely
to achieve treatment response.

The lower panel displays the Kaplan-Meier curve for the
cumulative probability of response across the 8-week
intervention, showing an earlier and higher response rate in the
CBT group relative to the control group. Adjacent to this, the
feature-importance plot derived from the random forest model
identifies baseline PHQ-9, MMSE, and self-efficacy as the most
influential predictors of treatment response.

Overall, Figure 1 highlights both the clinical differences
associated with treatment response and the psychological
variables that contribute most strongly to prediction. These
results underscore the importance of baseline psychological and
cognitive characteristics in shaping individual response patterns
and support the study’s broader aim of advancing personalized
approaches to psychological rehabilitation.

Predictive factors for CBT efficacy in post-
stroke depression patients

Figure 2 presents a forest plot summarizing the key baseline
predictors of response to Cognitive Behavioral Therapy (CBT) in
post-stroke depression (PSD) patients. The plot displays odds ratios
(ORs) with 95% confidence intervals (CIs) for a range of
demographic, clinical, and psychological variables. Among these,
baseline PHQ-9 scores, age, and self-efficacy emerged as the
strongest predictors of treatment response. In particular, higher
baseline depression severity (PHQ-9) and stronger self-efficacy were
significantly associated with greater improvements following CBT.

The orange markers in the plot denote statistically significant
predictors, highlighting PHQ-9 pre-treatment score as the most
impactful factor. This visual representation clarifies which patient
characteristics are most relevant for predicting treatment outcomes.
Importantly, these findings not only validate the relevance of
psychological factors such as self-efficacy and social support but
also reinforce the study’s contribution: developing an interpretable
predictive model that can guide clinicians in tailoring CBT
interventions to individual PSD patients.

Model performance and preliminary
comparison

To justify the selection of the random forest classifier, we
conducted preliminary model comparison analyses using only
patients in the CBT group. Three models were trained and
evaluated using the same predictor set and identical train-test
split: logistic regression, random forest, and gradient boosting. As
shown in Table 2, the random forest achieved the best overall
performance, with an AUC of 0.897 and an accuracy of 0.861.
Logistic regression demonstrated slightly lower but comparable
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TABLE 1 Baseline characteristics of CBT and control groups.

Variable CBT group (n = 120) Control group (n = 123) t/x%/1Z
Age (years), mean + SD 64.2 + 8.1 637 +79 0.52 0.603
Male, n (%) 68 (56.7%) 70 (56.9%) 0.00 0.980
Married, n (%) 92 (76.7%) 90 (73.2%) 0.43 0.512
Education > high school, n (%) 74 (61.7%) 70 (56.9%) 0.57 0.450
Currently employed, n (%) 35 (29.2%) 33 (26.8%) 0.17 0.680
Monthly income > median, n (%) 62 (51.7%) 60 (48.8%) 0.20 0.653
Living alone, n (%) 18 (15.0%) 16 (13.0%) 0.21 0.644
Stroke type (ischemic), n (%) 100 (83.3%) 101 (82.1%) 0.05 0.826
Stroke side (left), n (%) 66 (55.0%) 71 (57.7%) 0.17 0.677
First-ever stroke, n (%) 108 (90.0%) 107 (87.0%) 0.43 0.512
Time since stroke (months), median (IQR) 4.0 (3.0-6.0) 4.0 (3.0-6.5) 0.58+ 0.561
NIHSS score at admission, mean + SD 52 +20 51+19 0.35 0.729
Comorbid hypertension, n (%) 74 (61.7%) 80 (65.0%) 0.27 0.604
Comorbid diabetes, n (%) 32 (26.7%) 35 (28.5%) 0.12 0.727
MMSE score, mean + SD 256 +29 254 +2.7 0.51 0.611
PHQ-9 score (depression), mean + SD 128 £ 4.3 13.0 £ 4.1 0.34 0.737
GAD-7 score (anxiety), mean + SD 11.6 + 39 11.3 + 4.0 0.56 0.576
Self-efficacy score (GSE), mean + SD 247 £ 5.1 25.0 +5.3 0.36 0.722
Barthel Index, mean + SD 785+ 123 779 +13.0 0.35 0.726
PSQI score (sleep quality), mean + SD 92 +3.6 94 +38 0.36 0.718
SSRS score (social support), mean + SD 385+5.6 383+52 0.30 0.763
Current smoker, n (%) 25 (20.8%) 28 (22.8%) 0.17 0.680
Alcohol use, n (%) 22 (18.3%) 20 (16.3%) 0.18 0.669
Prior psychological treatment, n (%) 14 (11.7%) 16 (13.0%) 0.10 0.749
Antidepressant use, n (%) 18 (15.0%) 20 (16.3%) 0.08 0.779

+Z value from Mann-Whitney U test.

performance (AUC = 0.889; accuracy = 0.806), whereas gradient
boosting yielded the lowest AUC (0.846) and accuracy (0.806).
These results indicate that the random forest offers the best

using only psychological variables retained most of the predictive
power (AUC = 0.895, accuracy = 0.806). These findings indicate
that psychological factors contribute the majority of the model’s
balance of predictive accuracy, robustness, and stability for this  discriminative ability and are essential for predicting CBT response.

dataset, supporting its use as the primary model in this study.

Discussion
Ablation analysis of feature groups
Efficacy of cognitive behavioral therapy in

To quantify the independent contribution of different feature
groups, we conducted an ablation analysis using three random
forest models. The full model, which included all demographic,
clinical, and psychological variables, achieved the highest
performance (AUC = 0.897, accuracy = 0.861). When all
psychological variables (PHQ-9, GAD-7, self-efficacy, social
support, and PSQI) were removed, model performance dropped
substantially (AUC = 0.460, accuracy = 0.444). In contrast, a model
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post-stroke depression

In this study, we investigated the efficacy of Cognitive
Behavioral Therapy (CBT) for treating post-stroke depression
(PSD) and identified the key baseline predictors for treatment
response. The findings suggest that CBT may be associated with
improvement in depressive symptoms in PSD patients; however,
because treatment allocation was not randomized and the study
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A Change in PHQ-9 Scores by Group B Key Baseline Differences: CBT Responders vs Non-Responders
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FIGURE 1

Analysis of factors predicting CBT response and outcome. (A) Boxplot comparing baseline MMSE scores between the CBT group and the control
group, demonstrating comparable levels of cognitive function before treatment. (B) Comparison of baseline PHQ-9 scores between responders and
non-responders within the CBT group, showing that patients with higher baseline depressive severity were more likely to achieve treatment
response. (C) Distribution of baseline self-efficacy (GSE) and social support (SSRS), highlighting their association with subsequent CBT response.

(D) Kaplan—Meier curve showing cumulative treatment response over the 8-week intervention period, with earlier and higher response rates in the
CBT group. The adjacent panel displays feature importance derived from the random forest model, identifying baseline PHQ-9, GSE, MMSE, and
social support as the most influential predictors of CBT efficacy.
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FIGURE 2
Forest plot of key predictors for CBT response in post-stroke depression. Odds ratios (ORs) and 95% confidence intervals (Cls) from multivariate
logistic regression are shown. Significant predictors are indicated in orange.
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TABLE 2 Performance comparison of logistic regression, random forest,
and gradient boosting models in predicting CBT treatment response.

Model AUC Accuracy
Logistic Regression 0.889 0.806
Random Forest 0.897 0.861
Gradient Boosting 0.846 0.806

relied on retrospective chart review, the results are vulnerable to
selection bias and residual confounding. As such, the present
analyses should be regarded as exploratory rather than
confirmatory, and the observed associations cannot be interpreted
as evidence of causality (15). The intervention group demonstrated
lower PHQ-9 scores, reflecting a reduction in depression severity,
and this finding supports the growing body of evidence showing
that CBT can improve mood and psychological well-being in PSD
patients (16) (17). Importantly, by combining traditional clinical
analysis with a predictive modeling approach, this study extends
prior research from confirmation of efficacy to individualized
treatment prediction.

Key predictors for CBT response

Our analysis highlighted several key factors that predict CBT
response, with baseline PHQ-9 scores, self-efficacy, and social
support emerging as the most influential predictors. This finding
is in line with previous research that emphasizes the importance of
pre-treatment depression severity in determining treatment
outcomes. Higher baseline PHQ-9 scores, reflecting more severe
depression at the outset, were associated with a greater
improvement in depression scores following CBT. This suggests
that patients with more severe depression may benefit more from
CBT, as it offers structured interventions that specifically target
negative thought patterns and coping mechanisms, which are often
more pronounced in those with severe depression (18, 19).

Self-efficacy was another significant predictor of CBT success.
Patients with higher self-efficacy at baseline showed better
responses to treatment. This is consistent with literature that
suggests self-efficacy, or the belief in one’s ability to manage and
cope with stressors, plays a crucial role in the effectiveness of
psychological interventions (20). Moreover, social support
emerged as a significant factor. Patients with stronger social
support networks experienced better outcomes, which aligns with
previous studies showing that robust social support helps enhance
the effectiveness of depression treatments by providing emotional
and practical resources that support recovery (21). Taken together,
these results not only confirm prior evidence but also demonstrate
how integrating multiple psychological predictors into a data-
driven model can yield clinically useful insights. Consistent with
these findings, the ablation analysis further confirmed that
psychological variables—particularly depressive severity, anxiety,
self-efficacy, and social support—are the dominant predictors of
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CBT response, as removing these features resulted in a substantial
reduction in model performance.

Machine learning and predictive models

The use of machine learning to predict CBT response represents a
methodological advance in this study. The random forest model
developed here identified the most important predictors for CBT
response and demonstrated strong predictive power, as evidenced by
the area under the curve (AUC) of the ROC curve. Unlike traditional
regression-based approaches, our model was able to integrate and
weigh multiple clinical, psychological, and demographic factors
simultaneously, offering a more comprehensive prediction tool (22,
23). Furthermore, the inclusion of interpretability techniques such as
SHAP enabled us to provide transparency regarding which features
most strongly influenced predictions. This not only improves trust in
the model’s outputs but also enhances its potential for real-world
clinical use, thereby addressing a critical gap in prior predictive
studies of PSD. Although deep learning and more complex
temporal modeling frameworks have shown promise in other
neuropsychiatric prediction tasks, our sample size and tabular
feature structure were not optimal for such approaches. In this
study, we deliberately favored a relatively simple and interpretable
ensemble model, which is more suitable for implementation in
routine clinical settings. Future work with larger, multi-center
datasets and longitudinal measurements may justify the application
of deep learning architectures and temporal models for PSD
treatment prediction.

Comparison with existing literature

Several studies have demonstrated the efficacy of CBT for
depression in stroke survivors, but the identification of specific
predictors of treatment response has been less thoroughly explored.
Our study adds to the existing literature by providing a
comprehensive analysis of baseline characteristics that influence
CBT outcomes. While previous studies have identified factors such
as age, gender, and stroke type as potential predictors (24), our
study underscores the more significant role of psychological factors
such as depression severity, self-efficacy, and social support.
Moreover, by embedding these predictors into a machine learning
framework with external validation and interpretability, we move
beyond descriptive associations to provide a predictive tool that can
inform patient-specific clinical decisions (25-29).

Future methodological directions

Although the present study focused on traditional tabular
clinical and psychological variables, recent advances have
highlighted the importance of temporal-frequency characteristics
in the prediction of neuropsychiatric outcomes. Future work could
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incorporate multidimensional neural or behavioral signals (e.g.,
EEG or longitudinal behavioral trajectories) and apply temporal-
frequency attention mechanisms such as Fourier-based attention
(30), wavelet-based attention (31, 32), and related hybrid
architectures to better capture oscillatory patterns and dynamic
changes relevant to PSD. Additionally, non-linear factorization
methods (33-35) may provide more expressive latent
representations that disentangle shared and domain-specific
components of neural and psychological features. Integrating
temporal-frequency attention with non-linear factorization
in an end-to-end framework may further enhance both the
accuracy and interpretability of predictive models for CBT
responsiveness. Incorporating these cross-disciplinary techniques
represents an important direction for advancing precision
psychological rehabilitation.

Clinical implications and implementation
pathways

From a clinical perspective, if further validated in larger,
prospective, and multi-center cohorts, such a model may have
potential as a supportive tool in clinical decision-making. At this
stage, its use should be considered exploratory. For example,
baseline clinical and psychological data, which are typically
collected as part of standard care, could be entered into the
model to estimate an individual patient’s probability of
responding to CBT. Patients with a high predicted probability of
response might be prioritized for early CBT referral, whereas those
with a low predicted probability could be considered for alternative
or combined interventions (e.g., pharmacotherapy plus CBT or
more intensive psychosocial support).

Importantly, such a model is not intended to replace clinical
judgment but rather to complement it by providing quantitative
risk estimates. Before real-world deployment, external validation in
multi-center cohorts, prospective evaluation of clinical impact, and
assessment of usability and acceptability among clinicians and
patients are needed. In addition, clear protocols would be
required to define how model outputs should inform treatment
allocation to avoid unintended biases. Nonetheless, our findings
provide an initial proof of concept for using interpretable machine
learning to support precision psychological rehabilitation in PSD.

Contributions to existing research and
clinical practice

Unlike prior studies that primarily focused on evaluating the
overall efficacy of CBT in post-stroke depression, our study
contributes by developing and validating an interpretable
machine learning model that integrates clinical, demographic, and
psychological dimensions to predict individual responses. This
approach addresses common limitations of existing models,
including overfitting, limited generalizability, and lack of
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transparency. By identifying key predictors such as baseline
depression severity, self-efficacy, and social support, and
embedding them into an interpretable predictive framework, our
study provides actionable insights for clinicians to tailor
interventions. Thus, this work advances the field by bridging the
gap between predictive modeling and practical clinical application,
contributing not only to the evidence base of CBT efficacy but also
to the development of precision psychological rehabilitation.

Methodological implications and future
validation

Given these limitations, the current findings should primarily
be viewed as hypothesis-generating. The observed benefits of CBT
and the performance of the predictive model require confirmation
in rigorously designed prospective studies. In particular,
randomized controlled trials (RCTs) comparing CBT with usual
care or alternative interventions, and incorporating pre-specified
prediction algorithms, are needed to validate both the treatment
effects and the clinical utility of the proposed model. Such trials
would allow more robust control of confounding factors and
provide stronger evidence for causal inference.

Limitations

Despite the encouraging results, this study has several
limitations. First, the retrospective design restricts causal
inference between CBT and improvements in depressive
symptoms. Retrospective analyses are subject to selection bias and
uncontrolled confounders, and only randomized controlled trials
(RCTs) can provide definitive evidence of causality. Second, the
study was conducted at a single hospital, which limits external
validity and generalizability. The absence of multi-center and cross-
regional data reduces the applicability of the findings to other
clinical and cultural contexts. Larger, multi-institutional studies
are required to enhance robustness. Third, although the sample size
was larger than in many previous studies, it remains relatively
limited. Machine learning models trained on homogeneous datasets
may not generalize well to heterogeneous populations. Variations in
cultural, clinical, and socioeconomic backgrounds may influence
model performance, highlighting the need for external validation
across diverse cohorts. Fourth, the study focused on short-term
treatment outcomes and did not evaluate the long-term durability
of CBT effects. While the findings confirm short-term
improvements in depressive symptoms, the persistence of these
benefits and the risk of relapse remain unclear. Incorporating long-
term follow-up in future studies would provide valuable insights
into whether the observed improvements are sustainable and how
relapse could be prevented. Finally, although the machine learning
model achieved promising predictive performance, additional
refinement and validation with larger and more heterogeneous
datasets are necessary to confirm its clinical reliability and
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facilitate widespread implementation. In addition, the predictive
model was developed and tested within a single institutional dataset
without external validation. This limitation reduces confidence in
the model’s generalizability to other clinical environments. Future
studies should perform external validation using multi-center,
cross-regional, and heterogeneous datasets to assess robustness
and ensure that the predictive framework can be reliably applied
in real-world clinical practice.

Conclusion

This study provides preliminary evidence that CBT may benefit
PSD patients and presents an interpretable model that shows
encouraging predictive performance. Nonetheless, conclusions
regarding clinical efficacy or implementation should remain
cautious until supported by prospective randomized studies and
external validation. By integrating clinical, psychological, and
demographic variables, the model identifies baseline depression
severity, self-efficacy, and social support as critical predictors of
therapeutic outcomes. Compared with previous work, this approach
addresses the common challenges of overfitting, limited
generalizability, and lack of transparency, offering a practical tool
for clinicians. These findings highlight the potential of machine
learning to advance precision psychological rehabilitation, enabling
tailored interventions that optimize recovery and improve quality of
life for stroke survivors.
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