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Identifying individuals at risk of post-stroke depression

Development and validation of a predictive model
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Objectives: To identify the factors associated with post-
stroke depression (PSD) and develop a machine learning
predictive model using a large dataset, considering
sociodemographic, lifestyle, and clinical factors.

Methods: Our 2025 study used data from the 2023
Behavioral Risk Factor Surveillance System, released in
September 2024. Data processing was carried out using
Google Colab and Python. We carried out descriptive
statistics, logistic regression, and feature importance
analyses (mutual information and adjusted mutual
information). A total of 4 machine-learning models
were trained and evaluated: random forest, decision
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tree, gradient boosting, and logistic regression. Model
performance was assessed using the accuracy, precision,
recall, harmonic mean of precision and recall (F1-
score), and area under the curve - receiver operating
characteristic (AUC-ROC). The best-performing model
was fine-tuned using GridSearchCV with 5-fold cross-
validation.

Results: Increasing age, male gender, being married,
higher income, and physical activity were associated with
lower odds of PSD. Obesity, smoking, diabetes, and high
cholesterol are associated with increased odds of PSD.
Age and gender were the most informative features for
predicting the PSD. Random forest demonstrated the
best performance for predicting PSD (accuracy=0.73,
precision=0.71,  recall=0.77,  Fl-score=0.74, and
AUC-ROC=0.81), which was further improved by

hyperparameter optimization.

Conclusion: Post-stroke depression’s complex etiology
involves sociodemographic, lifestyle, and clinical factors,
notably age and gender. A random forest model effectively
predicts PSD, highlighting the need for comprehensive
assessment, early intervention, and management of
modifiable risks (obesity, smoking, and inactivity) to
improve stroke survivors’ outcomes.
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troke is a leading cause of disability and mortality

worldwide, imposing a significant burden on
individuals, families, and healthcare system. Among
the most prevalent and debilitating post-stroke
complications is post-stroke depression (PSD). It
is a prevalent and debilitating condition affecting
approximately —one-third of stroke survivors.'
Post-stroke depression significantly impacts recovery,
and quality of life, and increases mortality among stroke
survivors.” The impact of PSD extends beyond the
individual’s emotional well-being. It is associated with
poorer functional recovery, increased disability, higher
healthcare utilization, reduced quality of life, and even
increased mortality.’ Given the profound impact of PSD
on stroke recovery and outcomes, early identification
and effective management of this condition are of
paramount importance.

Recent  research  has  identified  several
sociodemographic factors associated with PSD,
highlighting the complex and multifactorial nature of
this condition. Age is a critical factor, as older adults
are more susceptible to moderate depressive symptoms
post-stroke.* Gender differences are also evident, with
women more likely to experience PSD than men.*
A history of mental disorders, particularly previous
depressive episodes, significantly increases the risk of
PSD, underscoring the importance of mental health
history in predicting PSD.> Social support emerges as
a protective factor, with higher perceived social support
correlating with lower PSD risk.” Additionally, cultural
context influences PSD prevalence, as seen in variations
between countries such as Australia, New Zealand, and
Vietnam.®

Lifestyle factors, such as obesity, physical inactivity,
and smoking have been identified as significant
modifiable risk factors for PSD. Obesity and physical
inactivity are linked to increased risk of stroke, and by
extension, they contribute to the risk of PSD due to
their role in exacerbating cardiovascular and metabolic
conditions that can lead to stroke.” Smoking, another
critical lifestyle factor, is associated with both the
incidence of stroke and the development of depression,
including PSD.® The interplay between these lifestyle
factors and PSD is complex, as they not only
contribute to the initial risk of stroke but also affect the
psychological and physical recovery post-stroke.” For
instance, smoking has been directly linked to increased
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depressive symptoms, while physical inactivity can
exacerbate cognitive and functional impairments,
further increasing the risk of PSD.* Moreover, lifestyle
modifications such as increased physical activity,
smoking cessation, and maintaining a healthy weightare
emphasized as effective secondary prevention measures
to reduce the risk of stroke recurrence and associated
depressive symptoms. '

The presence of comorbid conditions such as anxiety
disorders, previous depression, and other psychiatric
disorders notably increases the likelihood of developing
PSD. For instance, patients with a comorbid anxiety
disorderare 5.9 times more likely to experience PSD, and
those with a history of depression treatment before stroke
are 3.0 times more likely to develop PSD.!" Additionally,
medical conditions like diabetes and cardiovascular
disease are a potential direct pathophysiological links
to depressive disorders, which can exacerbate the
risk of PSD." The bidirectional relationship between
cerebrovascular  diseases and  depression  further
complicates this scenario, as depression itself can
increase the risk of stroke, creating a cyclical risk factor."
Moreover, the severity of functional impairment post-
stroke, often compounded by comorbid conditions, is
associated with a higher risk of PSD, suggesting that
both psychological and neurobiological factors play a
role in its development.”>'* These findings underscore
the importance of comprehensive post-stroke care
that addresses not only the physical rehabilitation but
also the management of psychiatric comorbidities to
improve overall outcomes for stroke survivors."”

Predicting PSD involves understanding the complex
interplay of risk factors impacting stroke survivors
recovery and well-being. Key sociodemographic
factors include age, gender, marital status, and income,
with the impact of education often intertwined with
socioeconomic status.'*?* Lifestyle choices significantly
contribute, as obesity and smoking increase PSD
risk, while physical activity offers protection.?**33
Certain comorbidities, specifically diabetes and high
cholesterol, independently elevate depression risk.?343¢
Comprehensive risk assessment, encompassing these
diverse factors, is thus crucial foraccurate PSD prediction
and targeted interventions. Therefore, implementation
of predictive models in clinical practice can lead to
significant improvements in patient care and outcomes.
By identifying high-risk patients early, clinicians can
allocate resources more effectively, reducing the overall
burden on the healthcare systems. Additionally, early
intervention can lead to better functional recovery,
improved quality of life, and reduced mortality rates
among stroke survivors.
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This study aimed to identify factors associated with
depression in stroke patients and to develop a machine
learning predictive model for PSD using a large dataset,
taking into account a wide range of sociodemographic,
lifestyle, and clinical factors.

Methods. Our 2025 study used publicly available
data from the 2023 Behavioral Risk Factor Surveillance
System (BRESS) to examine health behaviors in the
United States. The most recent version of this dataset
was released in September 2024. The BRFSS is overseen
by the US Centers for Disease Control and Prevention
(CDCQ) released under the CCO 1.0 Universal Public
Domain Dedication license, thus eliminating the need
for ethical approval or informed consent for its use.

Data processing was carried out in a Google
Colaboratory (Colab) environment using Python.
These include data cleaning, feature selection, and
feature engineering. The initial dataset encompassed
433,323 records. This was filtered to retain 14 categorical
variables deemed relevant to stroke and depression.
To examine PSD, a new dataset was created from the
BRESS, comprising only respondents who reported ever
experiencing a stroke (approximately 4.21% of the total
BRESS sample). This stroke-specific dataset was used
in all subsequent analyses. A binary outcome variable,
depression stroke, was constructed to represent PSD
by combining the depression status and stroke status
variables. Since the dataset was already limited to stroke
respondents, the stroke status variable was, by definition,
complete for all individuals in this new dataset. The
depression stroke variable required complete data on
depression status. Therefore, records with missing data
on depression status was excluded from the final analysis.
This data cleaning process resulted in a final analytical
dataset of 17,460 individuals. The missingness rate for
depression status within this stroke-specific dataset was
approximately 0.9 %. Missing values in other variables
were imputed using logistic regression. Specifically, a
logistic regression model was trained using the complete
cases to predict the missing values in the incomplete
cases. The predicted probabilities were then used to
assign the most likely values to the missing entries.

To quantify the strength and nature of the association
between individual predictors and PSD, we carried
out mutual information (MI) and adjusted mutual
information (AMI) analyses. Mutual information, a
concept from information theory, measures the amount
of information one random variable reveals regarding
another. In this context, a higher MI value between a
predictor and PSD suggests that knowing the value of

the predictor significantly reduces uncertainty regarding
the presence of PSD. Unlike correlations, MI can capture
non-linear relationships. Adjusted mutual information
builds upon MI by adjusting the score to account for
chance agreement. This correction is crucial, as MI can
be artificially inflated for variables with many different
values, even if their association is weak. Therefore,
AMI provides a more reliable measure of the true
association, particularly when comparing predictors
with varying numbers of levels. Mutual information
scores were calculated using the “mutual_info_classif
function from the “sklearn.feature_ selection' module,
which is specifically designed for classification tasks.
Adjusted mutual information scores were derived using
the ‘adjusted_mutual_info_score’ function from the
‘sklearn.metrics' module. To facilitate interpretability
and comparison across predictors, both MI and AMI
scores were normalized to percentages, representing
the relative contribution of each predictor to the total
information gain regarding PSD. These percentages
reflect the relative importance of each predictor in
a univariate context, independent of any predictive
model.

To predict the likelihood of an individual with a
stroke history reporting a depression diagnosis, we
employed and compared 4 machine learning models:
random forest classifier, decision tree classifier, gradient
boosting classifier, and logistic regression. Recognizing
the “ever diagnosed” nature of the BRESS data, which
captures population-level patterns of reported diagnoses,
we focused on predicting the probability of a depression
diagnosis rather than diagnosing current PSD. Pre-
existing depression was explicitly accounted for as an
inputvariable, acknowledging the complex, bidirectional
relationship between stroke and depression. To address
class imbalance within the dataset, the synthetic
minority over-sampling technique was applied. Model
performance was rigorously evaluated using several
metrics: accuracy, precision, recall, harmonic mean
of precision and recall (F1-score), and area under the
curve - receiver operating characteristic (AUC-ROC).
The model exhibiting superior performance underwent
hyperparameter optimization using GridSearchCV
with 5-fold cross-validation to ensure robustness of the
optimized model’s performance.

Statistical ~analysis. Descriptive statistics were
generated for all 15 categorical variables (including the
newly created “depression stroke” variable) prior to any
data preprocessing. This provided an overview of the
variable distributions within the dataset. Data analysis
was carried out using Python’s Pandas library where
frequency and percentage distributions of each category
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were computed, providing an overview of the dataset’s
composition. Further, all the subsequent analyses were
carried out using the created stroke-specific dataset.

We carried out logistic regression to analyze the
relationships between the predictor variables and the
target variable (depression stroke). Odds ratios (ORs),
95% confidence intervals (Cls), and p-values were
calculated to assess the strength of these associations,
considering p-values below 0.05 as significant. For
variables with more than 2 categories, group 1 was
used as the reference group, except for the body mass
index (BMI) category variable, where group 2 (normal
weight) served as the reference.

Results. The sample (N=419,476) was relatively
balanced in terms of gender (53% female). A small
majority were married (52%) and reported alcohol
consumption (56%). Most participants were physically
active (75%) and non-smokers (89%). Regarding
health conditions, most participants did not have
diabetes (86%), hypertension (59%), or a history of
stroke (96%). A minority reported elevated cholesterol
(42%) or a depressive disorder (20%). Among those
with a history of stroke, 30% were experiencing
depression. The most frequent age groups were 65-69
(11%) years and 70-74 (10%) years. The most common
education level was “graduated from college or technical
school” (43%). The most frequent income category was
$50,000 to <$100,000 (31%), and the most frequent
BMI category was overweight (36%, Table 1).

A multiple logistic regression analysis was carried out
to identify factors associated with PSD. Table 2 displays
the ORs, 95% Cls, and p-values for each independent
variable. Male gender was significantly associated with
lower odds of PSD (OR=0.57, 95% CI: [0.53-0.61],
<0.05), as was increasing age. Compared to the
youngest age group (18-24 years), the oldest group (80
years or older) had 84% lower odds of PSD (OR=0.16,
95% CI: [0.11-0.24], p<0.05). Being married was also
associated with lower odds of PSD (OR=0.86, 95% CI:
[0.80-0.93], p<0.05). Higher income was significantly
associated with lower odds of PSD. Compared to the
lowest income category, the highest income category
had the lowest odds (OR=0.4, 95% CI: [0.30-0.54],
<0.05). Education level was not significantly associated
with PSD. Obesity was significantly associated with
increased odds of PSD in stroke patients (OR=1.33,95%
CI: [1.21-1.46], p<0.05). However, being underweight
or overweight was not significantly associated with
PSD. Physical activity was associated with lower odds
of PSD (OR=0.77, 95% CI: [0.72-0.83], p<0.05),

while a history of smoking was associated with higher
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Table 1 - Descriptive analysis of the variables.

Variables n (%)
Depression stroke

No 12231 (0.1)

Yes 5229 (29.9)
Gender

Female 220428 (52.5)

Male 199048 (47.5)
Marital status

Not married 200055 (48.2)

Married 215236 (51.8)
Alcohol status

Do not drink 184234 (43.9)

Yes 235242 (56.1)
Physical activity

No physical activity or exercise in last 30 days
Had physical activity or exercise
Smoking status
No
Yes
Diabetes status
Not diabetic
Diabetic
Hypertension status
No hypertension
Have hypertension
Cholesterol status
Normal
High
Stroke status
No
Yes
Depressive disorder

No
Yes
Age groups (years)
65-69
70-74
60-64
80-older
75-79
55-59
50-54
40-44
35-39
45-49
18-24
30-34
25-29
Education level

Graduated from college or technical school

Attended college or technical school

Graduated high school

Did not graduate high school
Income category

$50,000 to <$100,000

$100,000 to <$200,000

$35,000 to <$50,000

$25,000 to <$35,000

$15,000 to <$25,000

$200,000 or more

Less than $15,000
BMI category

Overweight

Obese

Normal weight

Underweight

102760 (24.6)
315502 (75.4)

353604 (89.1)
43441 (10.9)

358706 (85.7)
59786 (14.3)

248435 (59.5)
169195 (40.5)

213522 (58.4)
152114 (41.6)

400461 (95.8)
17609 (4.2)

332667 (79.8)
84333 (20.2)

44491 (10.6)
42049 (10.0)
40438 (9.6)
37723 (9.0)
33407 (8.0)
32968 (7.9)
30131 (7.2)
27445 (6.5)
26188 (6.2)
26172 (6.2)
25962 (6.2)
24101 (5.7)
20804 (5.0)

179801 (42.9)

110398 (26.3)

103086 (24.6)
23920 (5.7)

103861 (30.9)
74632 (22.2)
45827 (13.7)
37045 (11.0)
29749 (8.9)
26223 (7.8)
18270 (5.4)

135644 (35.7)

123934 (32.6)

114035 (30.0)
6638 (1.7)

Values are presented as numbers and percentages (%).

BMI: body mass index
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Table 2 - Logistic regression analysis.

Variables Odds ratio 95% CI P-values
Intercept 1.86 1.21-2.85 <0.05
BMI
Obese 1.33 1.21-1.46 <0.05
Overweight 1.06 0.97-1.16 0.23
Underweight 1.16 0.90-1.49 0.25
Gender 0.57 0.53-0.61 <0.05
Marital status 0.86 0.80-0.93 <0.05
Physical activity 0.77 0.72-0.83 <0.05
Smoking status 1.5 1.37-1.65 <0.05
Diabetes status 1.22 1.13-1.31 <0.05
Hypertension status 0.96 0.88-1.04 0.3
Cholesterol status 1.4 1.30-1.51 <0.05
Alcohol status 0.97 0.90-1.05 0.43
Age (years)
25-29 1.02 0.59-1.78 0.94
30-34 0.74 0.45-1.24 0.25
35-39 0.94 0.59-1.51 0.81
40-44 0.78 0.50-1.22 0.28
45-49 0.84 0.55-1.30 0.44
50-54 0.58 0.38-0.89 <0.05
55-59 0.58 0.38-0.88 <0.05
60-64 0.51 0.34-0.76 <0.05
65-69 0.36 0.24-0.54 <0.05
70-74 0.32 0.21-0.47 <0.05
75-79 0.27 0.18-0.41 <0.05
80 or older 0.16 0.11-0.24 <0.05
Education level
Graduated high school 0.9 0.80-1.02 0.11
Attended college or technical school 1.06 0.94-1.20 0.35
Graduated from college or technical school 1.13 0.99-1.29 0.08
Income category
$15,000 to <$25,000 0.73 0.64-0.84 <0.05
$25,000 to <$35,000 0.65 0.57-0.75 <0.05
$35,000 to <$50,000 0.6 0.53-0.68 <0.05
$50,000 to <$100,000 0.57 0.49-0.66 <0.05
$100,000 to <$200,000 0.46 0.38-0.55 <0.05
$200,000 or more 0.4 0.30-0.54 <0.05

CI: confidence interval, BMI: body mass index, $: US dollar

odds (OR=1.5, 95% CI: [1.37-1.65], p<0.05). Alcohol
consumption was not significantly associated with PSD.
Diabetes (OR=1.22, 95% CI: [1.13-1.31], p<0.05)
and high cholesterol (OR=1.4, 95% CI: [1.30-1.51],
<0.05) were significantly associated with increased
odds of PSD in stroke patients. Hypertension was not
significantly associated with PSD.

Age group (30.11%) and gender (18.0%) were the
most informative features for predicting PSD. Marital
status, income category, and physical activity showed
moderate MI scores (9-10%), while smoking status,
alcohol status, education level, and BMI category had
MI scores ranging from 4.74-5.70%. Diabetes status,
hypertension status, and cholesterol status had very low
MI scores (Figure 1)

Age group (22.64%) and gender (22.41%) had
the highest AMI scores, confirming their importance
in predicting PSD. Marital status (12.01%), income
category (11.50%), and physical activity (11.16%) also
showed relatively high AMI values. Smoking status,
alcohol status, education level, and BMI category had
low AMI values, while diabetes status, hypertension
status, and cholesterol status had very low AMI values
(Figure 2).

Random forest demonstrated the best performance
among the 4 models (accuracy=0.73, precision=0.71,
recall=0.77, F1-score=0.74, AUC-ROC=0.81; Table 3).
Hyperparameter optimization using GridSearchCV with
5-fold cross-validation further improved performance
(accuracy=0.74, precision=0.72, recall=0.78, F1-
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Figure 1 - Mutual information of the features.
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Figure 2 - Adjusted mutual information of the features.

Table 3 - Models evaluation metrics.

Models Accuracy Precision Recall Fl-score AUC-ROC

Random forest 0.73 0.71 0.77 0.74 0.81
Decision tree 0.70 0.69 0.73 0.71 0.73
Gradient boosting 0.65 0.66 0.64 0.65 0.72
Logistic regression  0.65 0.65 0.62  0.64 0.70

F1-score: harmonic mean of precision and recall,
AUC: area under the curve, ROC: receiver-operating characteristic curve

score=0.75, AUC-ROC=0.81). Precision quantifies
the proportion of true positives among all predicted
positives, with values above 0.7 generally considered
acceptable. Recall indicates the proportion of true
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positives identified out of all actual positive cases; a
score greater than 0.7 is typically desired. The F1-score
offers a balanced assessment of model accuracy, where
a value exceeding 0.7 suggests good performance.
The AUC-ROC measures the model’s discriminatory
power across different thresholds, while values above
0.7 are acceptable. Therefore, the optimized models
performance was good.

Discussion. Post-stroke depression is a prevalent
complication that significantly hampers the recovery and
quality of life of stroke survivors, affecting approximately
one-third of this population. The current study aimed to
elucidate the multifactorial nature of PSD by analyzing
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a comprehensive dataset from BRESS. The findings
underscore the complex interplay of sociodemographic,
lifestyle, and clinical factors that contribute to the
incidence of depression among stroke patients. We
employed 2 complementary approaches to assess the
relationship between potential risk factors and PSD:
logistic regression and AMI. Logistic regression ORs
reflect the independent effect of each predictor while
controlling all other variables in the model. In contrast,
AMI indicates the overall or univariate-level association
between a single predictor and the target variable
(depression stroke) without necessarily adjusting for the
presence of other covariates. Interpreting both together
provides a deeper understanding, where variables with
high AMI may be strong univariate predictors, whereas
variables that are significant in logistic regression indicate
robust independent associations once confounders are
accounted for.

Sociodemographic factors such as gender, age,
marital status, and income level significantly influence
depression in stroke survivors. The study identifies age
(AMI=22.64%) as the most significant predictor of
depression among stroke patients, indicating different
depression experiences based on age. Further, we found
that increasing age is linked to lower odds of PSD,
especially in individuals aged 80 and older. The high AMI
confirms the large overall impact of age on depression
risk; the logistic regression reinforces that age retains its
effect even when controlling for other demographic and
clinical variables. This trend is supported by findings
that suggest individuals under 75 are more prone to
PSD, while those 80 and older have lower chances.!®
This suggests that age may play a protective role against
the development of PSD, potentially due to various
factors such as increased resilience or differences in
coping mechanisms among older adults.”” Gender
follows a similar pattern: the logistic model indicates
that males have 43% lower odds of depression, and
it also has a high AMI (22.41%), suggesting that this
factor is both independently and univariately predictive,
which supports previous research indicating a higher
depression risk in women after a stroke, regardless of
age.'®!? Nevertheless, other research has indicated an
absence of noteworthy gender-based disparities in
depression outcomes, implying that although females
might endure an elevated incidence of mortality and
stroke recurrence, the prevalence rates of depression
appear comparable across genders.”’ Marital status
(AMI=12.01%) emerges as another protective factor,
where married individuals having 14% lower odds of
PSD. The protective effect of marital status against PSD,
evident in both methods, underscores the importance of

social support and relationship status as a buffer against
PSD.?”% Regarding income, our findings revealed a clear
gradient effect, with higher income levels associated
with decreased odds of depression. The highest income
category showed a 60% reduction in odds compared
to the lowest. The AMI of 11.50% for income places it
among the top univariate predictors. Education level,
despite acceptable univariate correlation (AMI=3.94%),
does not remain significant in the multivariable model,
suggesting that its effect is largely mediated by other
socioeconomic variables such as income. This aligns
with the link between socioeconomic status and mental
health affecting psychological well-being. For instance,
one study found that higher education levels, which
often correlate with higher income, were associated
with a reduced risk of PSD, particularly in rural
areas.” Similarly, another study highlighted that low
income and primary school education were linked to
poorer outcomes in terms of mood and daily living
activities post-stroke, suggesting that higher income
could mitigate these adverse effects.” However, the
influence of education on PSD is not uniform across all
demographics. Some research suggests that the impact
of education on PSD is more pronounced in younger
adults compared to older adults, indicating that age
may modulate this relationship.*

Lifestyle factors were also significant contributors
to PSD. Our study found that obesity shows a modest
overall association in AMI (3.19%), however, linked to
a 33% increased risk of depression, which come with
agreement with another study.”® However, a study
reported that underweight was significantly associated
with an increased risk of PSD.?° Further, it has been
reported that the impact on PSD varied with age,
showing a “U”-shaped curve in younger patients,
suggesting that both low and high BMI could be
associated with PSD in different age groups.”® Physical
activity exhibits a moderate but consistent protective
relationship (OR=0.77, p<0.05) and a relatively high
AMI (11.16%), underscoring the potential mental
health benefits of remaining active post-stroke. Several
studies highlight the positive impact of physical
activity on reducing depressive symptoms in stroke
survivors.””*® Collectively, these findings underscore
the importance of incorporating physical activity into
stroke rehabilitation programs to mitigate the risk of
PSD, improve mental health outcomes, and enhance
overall recovery.”” However, barriers such as fatigue
and psychological impairments may hinder exercise
participation, necessitating tailored interventions to
encourage physical activity among stroke survivors
with depression. Smoking, on the other hand, increases
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the odds of depression (OR=1.50, p<0.05) and has a
moderate AMI (6.28%), indicating that while it is less
influential than age or gender in a univariate sense,
it still exerts a clear independent risk in the adjusted
model. Smoking has been consistently identified
as a significant risk factor for PSD across multiple
studies.30-32 Overall, the evidence underscores the
importance of smoking cessation interventions as part
of post-stroke care to mitigate the risk of depression
and improve overall outcomes for stroke survivors.
Alcohol use displays a minor univariate association
(AMI=4.62%) but no significant effect when other
variables are considered (OR=0.97, p=0.43), implying
that its impact on depression is subsumed by related
lifestyle or demographic factors. The relationship
between alcohol consumption and stroke risk appears to
be J-shaped, with light-to-moderate drinking associated
with decreased risk of ischemic stroke, while heavy
drinking increases the risk.*

Among comorbidities, diabetes exemplifies the
difference between univariate and multivariable
assessments, showing only a small AMI (0.60%) yet an
elevated OR in the logistic model (OR=1.22, p<0.05).
This gap suggests that diabetes becomes more salient
once other factors are held constant. Cholesterol
also has a relatively low AMI (1.13%) but remains
independently associated with depression (OR=1.40,
<0.05), indicating that elevated cholesterol may subtly
increase depression risk in stroke patients beyond
what is captured by simpler univariate measures.
Finally, hypertension does not appear to be related
to depression in either approach (OR=0.96, p=0.30;
AMI=0.52%), pointing to its minimal role compared
to the other comorbid conditions. Overall, the contrast
between logistic regression and AMI highlights how
certain factors, such as diabetes or cholesterol, may
display modest univariate effects yet have important
independent  relationships ~ when  demographic,
socioeconomic, and lifestyle confounders are addressed.
The relationship between diabetes and PSD appears to
be complex and somewhat contradictory based on the
studies provided. It has been found that the presence
of diabetes was significantly associated with PSD in
their multivariable regression analysis.** This supports
diabetes as a potential predictor. In contrast, other
studies reported that having a comorbid diagnosis of
diabetes was associated with lower odds of having lower
depression severity.”” This implies diabetes may actually
be protective against PSD. The inconsistency in findings
across studies suggests that the relationship between
diabetes and PSD may be influenced by other factors or
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may vary depending on the specific patient population
and study methodology. Furthermore, a history of
hyperlipidemia has been identified as a predictive factor
for PSD, emphasizing the importance of monitoring
and managing cholesterol levels in stroke patients.*
While pre-existing hypertension was not identified as a
significant predictor, new-onset hypertension following
stroke was found to be an important feature in PSD
prediction models.*

Among the evaluated models, random forest
demonstrated the highest overall performance,
achieving an accuracy of 0.73 and an AUC-ROC of
0.81 in predicting PSD. Hyperparameter optimization
enhanced model performance, and cross-validation on
the BRESS dataset confirmed this improvement and
its internal consistency. Future studies could explore
the integration of additional data sources, such as
neuroimaging or genetic data, to further improve the
accuracy of predictive models.

A random forest model demonstrated strong
performance in predicting PSD, achieving high accuracy
(0.73) and AUC-ROC (0.81) using sociodemographic,
lifestyle, and clinical factors. This result aligns with the
growing body of literature supporting the potential of
machine learning in PSD prediction. This performance
compares favorably with other machine learning
approaches for PSD prediction. For instance, Chen etal®
achieved specificities of 0.83-0.91 and sensitivities of
0.30-0.48 using clinical features from a large cohort of
ischemic stroke patients. Other studies have explored
different data modalities, such as serum biomarkers
like interleukin.’®* While these varied approaches
demonstrate the potential of machine learning for PSD
prediction, this study’s random forest model, with its
robust performance and potential for enhancement
through integration of neuroimaging or genetic data,
offers a promising avenue for early identification and
intervention in PSD.

Study limitations. First, the data is cross-sectional,
which limits our ability to draw causal inferences.
Second, the BRESS relies on self-reported data, which
may be subject to recall bias and social desirability bias.
Third, the data is limited to variables collected in the
BREFSS and may not include all potential confounders.
Finally, the generalizability of the findings may be
limited by the specific characteristics of the BRESS
sample. However, it's important to note that broader
generalization can be achieved through external
validation using datasets outside the scope of this paper.
Future studies employing diverse populations and
independent datasets will be essential to confirm the
robustness and applicability of our model. In addition,
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future research should consider longitudinal studies
with more comprehensive data collection to further
investigate the factors associated with PSD.

In conclusion, the findings of this study illuminate
the multifactorial nature of PSD, emphasizing the
need for a comprehensive approach to assessment
and intervention that addresses both individual and
contextual factors. Early identification and effective
management of PSD are crucial in enhancing recovery
and quality of life for stroke survivors.
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