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Abstract

Stroke is a significant contributor to morbidity and mortality, particularly
among people living with HIV (PLWH), who experience elevated incidence
rates due to a higher prevalence of risk factors, such as hypertension,
dyslipidemia, and chronic inflammation. The effective prediction and early
identification of stroke in this population are critical but remain
underexplored. This study employs machine learning (ML) algorithms,
random forest and XGBoost, to predict stroke occurrence in PLWH using
large-scale Electronic Health Record (EHR) datasets, including a national
(U.S.) cohort and a regional (Tennessee) cohort. Both models
demonstrated strong predictive performance, with random forest
achieving an area under the receiver operating characteristic curve
(AUROC) of 0.94 and XGBoost achieving 0.93 in the national dataset. The
Tennessee cohort models exhibited lower yet notable predictive capability
(AUROC ~0.82), likely reflecting smaller sample size and cohort differences. In
both cohorts, the two ensemble models outperformed a logistic regression, a
feedforward deep neural network, and an adapted Framingham Stroke Risk
Profile. Permutation-based feature-importance analyses identified clinical
features associated with stroke risk. These findings suggest that ML models
can effectively predict stroke among PLWH and highlight potential modifiable
risk factors that could guide targeted preventive interventions.

KEYWORDS
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Impact statement

This study is important because people living with HIV face a higher risk of stroke, yet
tools to identify who is most at risk remain limited. Using large national and Tennessee
Electronic Health Record (EHR) datasets, we develop machine learning models to predict
stroke occurrence in people living with HIV. The models achieved high predictive ability in
the national cohort and identified the clinical features that contributed most to stroke
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prediction in this population. Several of these factors, including
blood pressure, cholesterol, blood glucose, and smoking, are
modifiable through existing treatments and interventions. By
identifying these predictors from EHR data, our work provides a
practical foundation for developing risk assessment models that
could identify people living with HIV at elevated risk who may
benefit from closer evaluation and management of established risk
factors, ultimately reducing the burden of stroke in this vulnerable

10.3389/ebm.2026.11153

Introduction

Stroke is one of the leading causes of morbidity and mortality
worldwide, disproportionately impacting vulnerable populations,
such as people living with HIV (PLWH), who face an elevated
risk of stroke due to higher rates of hypertension, diabetes mellitus,
smoking, hyperlipidemia, chronic inflammation, and immune

activation [I, 2]. Thanks to the availability of antiretroviral

population. therapy (ART), PLWH now experience extended lifespans
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Flowchart of the proposed methodology for predicting stroke in PLWH
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TABLE 1 PLWH patient datasets.

Information Stratification

Tennessee cohort

10.3389/ebm.2026.11153

National dataset (2009-2017)

Size of cohorts -

5,320 212,663

Stroke (%)

199 (3.7%) 2,085 (1.0%)

Without stroke (%) -

5,121 (96.3%) 210,578 (99%)

Age (Mean * SD) 49 + 11 48 + 10

Age group (%) 21-30 17 (0.3%) 3,924 (1.8%)
31-40 1,267 (23.8%) 45,640 (21.5%)

41-50 1,543(29.0%) 75,709 (35.6%)

51-60 1,623 (30.5%) 63,406 (29.8%)

61-70 738 (13.9%) 19,424 (9.1%)

>70 132 (2.5%) 4,560 (2.1%)
Gender (%) Male 3,597 (67.6%) 146,546 (68.9%)
Female 1,721 (32.3%) 65,588 (30.8%)

Unknown 341 (6.4%) 529 (0.2%)

Race (%) Black or African American

3,323 (62.5%) 108,466 (51.0%)

White

1,656 (31.1%) 76,720 (36.1%)

Other minority

55 (1.0%) 6,528 (3.1%)

relative to those affected by this epidemic earlier on. However,
PLWH may experience accelerated aging and are particularly
vulnerable to age-related neurological diseases, including stroke
[3, 4]. HIV-associated stroke results in a substantial disease
burden, decreased quality of life, a significant economic impact,
and increased mortality [5].

Stroke prediction and early detection in PLWH are crucial
because they enable healthcare providers to implement timely
interventions, such as aggressive management of blood pressure,
dyslipidemia, and other modifiable risk factors, in addition to
optimized ART, which can reduce the occurrence and severity of
cerebrovascular events in this vulnerable group [6]. Despite its
importance, stroke prediction in PLWH remains largely unexplored.

Electronic Health Record (EHR) data are an important resource
for predicting the occurrence of complex diseases because they
provide information, such as

comprehensive  patient

demographics, clinical histories, laboratory results, and
medication records [7]. In recent years, machine learning has
emerged as a critical tool for leveraging EHR data in disease
diagnosis and prognosis, due to its ability to process large,
complex datasets and to identify patterns that might not be
detectable through traditional statistical methods [8, 9]. Machine
learning algorithms capable of effectively processing high-
dimensional data and capturing non-linear relationships and
complex interactions have significantly improved stroke diagnosis
and prognosis [10, 11, 12].

In this study, we developed machine learning models for stroke
prediction in two cohorts of PLWH and identified potential stroke-
predictive biomarkers in PLWH. We addressed the challenge of class
imbalance and found that machine learning models, specifically

random forest and XGBoost, achieved high predictive performance
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for the larger national (U.S.) cohort and reasonably good
performance for the smaller regional (Tennessee) cohort.

Materials and methods

The flowchart in Figure 1 outlines the proposed methodology
for predicting strokes in PLWH across national (U.S.) and
Tennessee cohorts and the associated analysis on the importance
of clinical features. The process began with two-stage data
preprocessing, including feature-level and cohort-level filtering,
followed by data cleaning and feature engineering steps, such as
duplicate row deletion and addressing label leakage. The pre-
processed data were then split into five stratified folds. For each
fold, a model (Random Forest/XGBoost) was trained on the training
split and evaluated on the held-out test split. Predictions from each
fold’s test set were recorded, and once all folds were processed, the
overall performance was evaluated using the area under the receiver
operating characteristic curve (AUROC) and the area under the
precision-recall curve (AUPR). Finally, a permutation-based feature
importance analysis was conducted to estimate the contribution of
different features to the model’s predictions.

Data processing and cleaning

This study investigated stroke occurrence among PLWH using
two datasets for the national (U.S.) and the Tennessee cohorts
(Table 1). The national dataset was extracted from the Cerner
Health Facts database, and the Tennessee dataset was sourced
from the University of Tennessee Health Science Center
(UTHSC) Research Enterprise Data Warehouse (rEDW), a
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TABLE 2 Clinical features.

10.3389/ebm.2026.11153

Tennessee cohort features National cohort features

HIGH_CHOLESTROL

HIGH_CHOLESTROL

AGE_AT_HIV_DX

AGE_AT_HIV_DX

HYPERTENSION

HYPERTENSION

Protein serum/plasma

Protein total, serum

Alkaline phosphatase serum/plasma

Alkaline phosphatase, serum

SMOKING_STATUS

SMOKING_STATUS

CONGESTIVE_HEART_FAILURE

CONGESTIVE_HEART_FAILURE

Potassium serum/plasma

Potassium, serum

Chloride serum/plasma

Chloride, serum

DIABETES

DIABETES

Total bilirubin serum/plasma

Bilirubin total serum or plasma Mass/Volume

RACE

ATRIAL_FIBRILLATION

RACE

ATRIAL_FIBRILLATION

EXCESSIVE_ALCOHOL_USE

EXCESSIVE_ALCOHOL_USE

TRANSIENT_ISCHEMIC_ATTACK

TRANSIENT_ISCHEMIC_ATTACK

GENDER

GENDER

Leukocytes in blood by Automated count

White blood cell count

Basophils in blood by Automated count

Basophils percent

Platelets in blood by Automated count

Mean platelet volume

Hematocrit of blood by Automated count

Hematocrit

Glucose lab

Glucose, Serum/Plasma Quantitative

Creatinine serum/plasma

Creatinine, serum Quantitative

Carbon dioxide serum/plasma

Carbon dioxide CO2

Monocytes in blood by Automated count

Monocyte percent

Urea nitrogen serum/plasma

Blood urea nitrogen

Hemoglobin

Hemoglobin

Eosinophils in blood by Automated count

Sodium serum/plasma

Eosinophil count

Sodium, serum

Body temperature

Calcium serum/plasma

Albumin, serum

Triglyceride, serum

BP diastolic

HDL cholesterol

standardized, in-house-developed healthcare data repository. The
rEDW aggregates data from multiple healthcare organizations
across Tennessee, encompassing records for approximately
4.5 million patients. Both datasets comprised individuals with a
history of stroke and a control group of those without.

PLWH were identified using ICD-9 code 042 and ICD-10 codes
B20-B24. Stroke cases were identified using relevant stroke-related
ICD codes across all healthcare encounter types. For cases,
laboratory data from before the index stroke visit were extracted.
For controls without a history of stroke, a pseudo-index date was

Experimental Biology and Medicine

assigned based on the most recent stroke visit date of a matched case.
Controls were matched on gender, race, and age at the time of HIV
diagnosis, and their laboratory data recorded prior to the pseudo-
index date were extracted for the analysis. No fixed prediction
horizon was imposed; the models discriminate PLWH who
experienced a stroke from those who did not, using data
recorded before the index or pseudo-index date.

Missing data are common in EHR datasets. To address this issue,
we used a cohort-specific missingness threshold to select features for
machine learning. For the Tennessee cohort, features with >32%
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TABLE 3 PLWH dataset after preprocessing.

Cohorts Tennessee cohort National dataset
Non-stroke 2357 44901
Stroke 199 2085

missing values were excluded, yielding 44 features. Given the higher
frequency of missing data in the national dataset, a more lenient
threshold of ~77% was used, resulting in ~41 features. Across
included
selected empirically for performance

cohorts, 28 features shared; each cohort

3 additional features
(Table 2), for a total of 31 features used per cohort. In addition,

were

we performed patient-level filtering within the non-stroke groups:
any record with >10% missing values across the retained features
was removed. This step reduced the size of the non-stroke cohorts
(to 46% of the original size in Tennessee and ~21% nationally) while
retaining all stroke cases to preserve minority-class signal (Table 3).

Machine learning model development

Two machine learning models were developed and evaluated: a
Random Forest model [13, 14] and an XGBoost model [15].

Random forest model configuration

A Random Forest classifier was developed for its robustness in
handling high-dimensional data and its ability to mitigate
overfitting. The model’s hyperparameters for each dataset are
stated below:

o n_estimators: 1,500 for the Tennessee Dataset and 2,500 for the
National Dataset. The parameter is the number of trees in
the forest.

o max_depth: None (no explicit limit on tree depth)

o min_samples_split: 2 (the minimum number of samples required
to split an internal node)

o min_samples_leaf: 1 (the minimum number of samples required
to be at a leaf node)

The n_estimators parameter was increased for the larger
National Dataset to better capture complex patterns. Setting
max_depth =
hyperparameters

None allows the trees to grow fully. The
min_samples_split and  min_samples_leaf,

control when a tree branch can further split.
XGBoost model configuration

XGBoost (gradient-boosted decision trees) was trained without
explicit imputation, leveraging its ability to route missing values
during splits. The hyperparameters for the XGBoost model are
selected as stated below:

o n_estimators: 10,000 (maximum number of boosting rounds)

o max_depth: 6 (maximum depth of each tree)

o learning_rate: 0.01 (scales the contribution of each tree to
prevent overfitting)

Experimental Biology and Medicine
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o subsample: 0.8 (fraction of samples used for the training of
each tree)

o colsample_bytree: 0.8 (fraction of features used for the training of
each tree)

Here, max_depth = 6 ensures that each tree grows up to this
depth without becoming too complex. A learning rate of
0.01 prevents overfitting by making incremental updates, while
subsample = 0.8 and colsample_bytree = 0.8 introduce
randomness, improving generalization. To prevent overfitting,
early stopping was implemented during XGBoost training. The
training process was halted if the model’s performance did not
improve for 50 consecutive boosting rounds, as measured by the
Area Under the Precision-Recall Curve (AUPR) on a held-out
test set.

Logistic regression, deep neural network, and
adapted Framingham Stroke Risk Profile

A penalized logistic regression was implemented in scikit-learn as a
linear statistical baseline and fitted to the same restricted set of
31 features and the same stratified 5-fold partitions as the ensemble
models. Because a linear model admits neither missing values nor
unscaled inputs, missing values were mean-imputed, and features
standardized, with the imputer and scaler fitted on the training fold
only and applied to the held-out fold. Features whose absolute Pearson
correlation with an earlier feature exceeded 0.5 were removed to limit
collinearity, a filter computed on the training fold alone, leaving 26 of
the 31 features in the Tennessee folds. The model used an L2 (ridge)
penalty at the default inverse regularization strength of 1.0, optimized
by the Ibfgs solver for up to 5,000 iterations, raised from the default of
100 to ensure convergence. No class weighting or resampling was
applied; thus, the fitted probabilities remained calibrated to the
prevalence of the analyzed cohort rather than being rescaled toward
the minority class. All random seeds were fixed at 1. Fitting every
preprocessing step inside the training fold matters more for this model
than for the tree ensembles, which require no imputation: imputing on
the full cohort would allow held-out patients to influence the feature
means used to fill their own missing values.

A feedforward neural network was implemented in PyTorch and
trained on the same set of features as the ensemble models. Missing
values were mean-imputed, and features standardized, with the
imputer and scaler fitted on the training fold only and applied to
the held-out fold. The network comprised three hidden layers of 256,
128, and 64 units, each followed by batch normalization, rectified linear
activation, and dropout (rate 0.3), and a linear output layer producing a
single logit, resulting in 50,305 trainable parameters. Within each
training fold, a random 15% of patients formed an internal validation
set, and the remaining 85% were used for weight updates. The loss
function was binary cross-entropy, with stroke cases weighted by the
ratio of non-stroke to stroke patients in the training fold to counteract
class imbalance without resampling. Weights were optimized with
AdamW (learning rate 0.001, weight decay 0.0001) in minibatches of
512 patients for the national cohort and 128 patients for the Tennessee
cohort, for up to 80 epochs. Average precision (AUPR) on the internal
validation set was computed after each epoch; the weights with the
highest value were retained, and training stopped if no improvement
occurred over 12 consecutive epochs.
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As a clinical reference model, the Framingham Stroke Risk
Profile [16] was applied to both cohorts after adapting it to the
available variables. Several components of the original score were
unavailable and were handled as follows: left ventricular
hypertrophy on electrocardiogram was excluded; antihypertensive
treatment status was not recorded, so the untreated systolic blood
pressure (SBP) coefficients were used for all patients; SBP was
entirely absent from the national dataset and was assigned a fixed
value of 94 mmHg. Congestive heart failure served as a proxy for
cardiovascular disease, age at HIV diagnosis was substituted for
current age, and remaining missing values were mean-imputed.
Diabetes status, smoking status, atrial fibrillation, and gender were
used as recorded. The adapted score was computed for every patient
in each analyzed cohort and evaluated with the same metrics as the
machine learning models. Because these substitutions differ from
the original specifications, the resulting score is an approximation of

the Framingham profile rather than the validated instrument.

Machine learning model performance
evaluation

Model performance was assessed using two key metrics:

o Area Under the Receiver Operating Characteristic Curve
(AUROC): It measures a model’s ability to distinguish
between PLWH with stroke and without stroke. It is
calculated as the area under a plot with the Y-axis as true
positive rate (sensitivity) and the X-axis as the false positive
rate across different classification thresholds.

« Area Under the Precision-Recall Curve (AUPR): It is particularly
useful for evaluating models on imbalanced datasets. It is
calculated as the area under the Precision-Recall curve, which
plots the proportion of predicted stroke cases that are actual
strokes (precision) on the Y-axis and the proportion of actual
stroke cases correctly identified (recall) on the X-axis.

Both the above metrics range from 0 to 1; a value closer to 1 is
considered an excellent prediction, while a value closer to 0 is
considered the worst in both cases.

To ensure that the training and test sets adequately represented
the minority class, the following strategy was used:

o Stratified Train-Test Split and Cross-Validation: Both the training
and testing sets accurately reflected the same class distribution
proportion as in the original dataset. Model performance was
evaluated using 5-fold stratified cross-validation, providing a more
robust, unbiased assessment of the model’s generalization.

Feature importance analysis

Feature importance was determined using the permutation
importance methodology. This technique assesses the importance of a
feature by measuring the decrease in model performance when the
feature’s values are randomly shuffled (in the experiments in this study
each feature was shuffled 20 times on the test fold). A larger decrease in
performance indicates a more important feature. Only those features were
included in the feature importance plots that exhibited positive values
following summation of the permutation importance score and respective

Experimental Biology and Medicine
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standard deviation across the five test folds. This criterion effectively
excluded features with inconsistent or potentially spurious importance.

Results

Stroke statistics in Tennessee and national
cohorts of PLWH

The age and sex distributions were broadly similar in the national
and Tennessee cohorts. The mean age was 48-49 years, with
comparable age-group profiles, and men comprised ~68% of
PLWH in both datasets (~31% women; remainder unknown).
Minor differences were present (e.g., a slightly higher proportion of
individuals aged 51-60 in Tennessee), but the overall patterns were
consistent. In the Tennessee cohort, 3.7% of PLWH had a stroke, while
96.3% did not. The national dataset, while larger, exhibits a more
pronounced imbalance, as only 1.0% of PLWH experienced a stroke.
The relatively larger percentage of stroke incidence in Tennessee
compared with the national cohort may reflect the smaller dataset
size in the Tennessee cohort or regional demographic composition
(Table 1). These statistics are consistent with the literature, with
previous research indicating that between 1% and 5% of patients
with HIV experience stroke in clinical case series [3].

Racial composition differed between the cohorts (Table 1):
Tennessee had a higher proportion of Black or African American
PLWH (62.5% vs. 51.0% nationally) and a lower proportion of White
PLWH (31.1% vs. 36.1%); “Other” was a small fraction in both. In both
cohorts, stroke cases were disproportionately high among Black or
African Americans (national: 59.2% of strokes vs. 50.9% of non-
strokes; Tennessee: 76.4% vs. 61.9%), while the White and Other
groups accounted for smaller shares of stroke cases (national: 30.9%
and 9.9%; Tennessee: 19.6% and 4.0%) (Figures 2A,B), with greater
disparities in the Tennessee cohort.

Machine learning prediction of stroke
in PLWH

We evaluated XGBoost and random forest using two global
performance metrics: AUROC and AUPR (Table 4; Figure 3),
estimated from stratified 5-fold cross-validation.

National cohort

In the national cohort, both XGBoost and random forest achieved
high predictive performance despite the severe class imbalance. XGBoost
reached an AUPR of 0.81 (=18.4 times the random baseline, with stroke
cases representing 4.4% of the processed dataset) and an AUROC of
0.93, while random forest achieved an AUPR of 0.79 (=18.0 times the
random baseline) and an AUROC of 0.94.

Tennessee cohort

In the Tennessee dataset, performance was lower than in the
national cohort but remained informative. Both XGBoost and
random forest obtained an AUPR of 0.50 (=6.4 times the
random baseline, with stroke cases representing 7.8% of the
processed dataset) and an AUROC of 0.82.
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TABLE 4 Performance analysis.

Cohorts Tennessee cohort National dataset
Models AUPR, AUROC
XGBoost 0.50, 0.82 0.81, 0.93
Random forest 0.50, 0.82 0.79, 0.94
Logistic regression 0.18, 0.70 0.23, 0.79
Deep neural network 0.40, 0.76 0.71, 0.91
Framingham stroke risk profile (adapted) 0.13, 0.64 0.30, 0.44

Top features predictive of stroke in PLWH
National cohort

Permutation importance (Figure 4A) identified blood pressure,
lipid measures, smoking status, age at HIV diagnosis, and
hematologic (e.g., leukocyte/basophil counts) as
influential for stroke prediction. Albumin, alkaline phosphatase,

indices

Experimental Biology and Medicine 07

bilirubin, creatinine, glucose, and total protein also ranked highly,

suggesting  contributions from metabolic, hepatic, and
renal function.
The XGBoost model achieved a high discriminative

performance, with a mean AUPR of 0.81 and a Mean AUROC of
0.93 (as shown in Figures 3A,B, respectively), which identified key
predictors within the National cohort. Feature importance analysis
using mean permutation importance (across five test folds), as
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A Precision-Recall Curves: Local and National Cohorts
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FIGURE 3

Performance of XGBoost on the National cohort, XGBoost on the
Tennessee cohort, Random Forest on the National cohort, and
Random Forest on the Tennessee cohort [(A) Precision-Recall Curves,
(B) ROC Curves]. The curves were computed from the

predictions on the held-out test folds of the stratified 5-fold cross-
validation (Tennessee cohort: 199 stroke and 2,357 non-stroke PLWH;
national cohort: 2,085 stroke and 44,901 non-stroke PLWH; Table 3).
‘Local’ in the figure key denotes the Tennessee cohort. The random-
baseline AUPR equals the stroke prevalence in the analyzed cohort
(0.078 in Tennessee, 0.044 in the national cohort), and the random-
baseline AUROC is 0.5. AUPR and AUROC values are listed in Table 4.

depicted in Figure 4A, revealed that serum albumin levels,
hypertension,  high-density (HDL), monocyte
percentage, serum Triglycerides, and a history of transient
ischemic attack were the strongest predictors within the model.

lipoprotein

Other contributing factors include hematocrit, white blood cell
count, age at HIV diagnosis, high cholesterol, carbon dioxide
levels, mean platelet status, alkaline
phosphatase, creatinine serum, bilirubin level, glucose, basophil

volume, smoking
percentage, congestive heart failure, diabetes, eosinophil count,
potassium serum, race, sodium serum, atrial fibrillation [9, 17],
gender [17], and excessive alcohol use, highlighting the non-linear
relationship of the clinical variables captured by the model.

The performance of the XGBoost model in identifying
strokes within the PLWH cohort in Tennessee, as depicted
in Figure 3A, was notable, with a mean AUPR of 0.50 and a
mean AUROC 0f 0.82 (in Figure 3B). However, it demonstrated
a significant reduction compared to its performance on the
larger national dataset. This decrease is likely due to the smaller
size of the Tennessee dataset being approximately 2.5% the size
of the national dataset (see Table 1). Therefore, the model had
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fewer examples to learn from, which impacted its performance.
The AUPR of 0.50, while appearing low, was 6.4 times the
random baseline score of 0.078 (see Table 3, as the imbalance is
7.8% in the
improvement over chance. An AUPR of 0.50 and an
AUROC of 0.82 (compared to a random baseline AUROC
of 0.5) that the
reasonably good ability to distinguish between PLWH with
stroke and without stroke.

training data), indicating a significant

score suggested model possesses a

Figure 4B displays the mean permutation importance,
representing the decrease in AUROC when a feature’s values
are randomly shuffled. High cholesterol, “AGE_AT_HIV_DX”
(i.e., age at HIV diagnosis), hypertension, glucose Ilab,
monocytes, protein  serum/plasma, potassium levels,
hemoglobin, smoking status, leukocytes, urea nitrogen levels,
platelets, alkaline phosphatase levels, race, diastolic BP (blood
pressure), calcium levels in plasma, congestive heart failure, and
diabetes appeared to be the most influential features, as
indicated by longer bars and lighter colors, which signify
their
Conversely, features such as gender, excessive alcohol use,

significant impact on the model’s performance.
and bilirubin and chloride levels had minimal influence due

to their near-zero or negative importance values.

XGBoost analysis on the national vs.
Tennessee cohorts

Comparing the feature importance of XGBoost models in
predicting an outcome in the National cohort and the
Tennessee cohort revealed interesting observations.
Hypertension emerged as a consistently important predictor
across both groups. Monocyte/white blood cells/leukocytes
were important in both models, supporting the role of
[18]. Other

potential similarities included age at HIV diagnosis and

infection and inflammation in stroke risk
smoking status, suggesting that these factors play a role in
both populations. In general, key factors in both the National
and Tennessee cohorts were related to hypertension, smoking,
infection, and inflammation, all of which have been associated
with increased stroke risk in the past [19]. While there are
differences in the relative importance of these factors between
the models, both models show that these factors may be
important markers of stroke risk in PLWH.

Figure 3A shows the Precision-Recall curve for a Random Forest
model evaluated on a national cohort, achieving an AUPR of 0.79.
This metric suggests strong performance in identifying and ranking
positive cases (i.e, PLWH with stroke) within the dataset.
Furthermore, the Random Forest model achieved an AUROC of
0.94 on the National cohort (as depicted in Figure 3B), indicating
excellent performance. Interestingly, the performance of the
Random Forest model was similar to that of an XGBoost model
that achieved an AUPR of 0.81 (Figure 3A) and an AUROC of 0.93
(Figure 3B) on the same National dataset. Despite their different
underlying mechanisms, both models leverage the characteristics of
the national dataset to achieve comparable levels of performance.
The XGBoost model was optimized using early stopping on AUPR
and hence had slightly superior performance in that particular
Both and XGBoost models

metric. the Random Forest

Published by Frontiers
Society for Experimental Biology and Medicine


https://doi.org/10.3389/ebm.2026.11153

Kumar et al.

10.3389/ebm.2026.11153

A Mean i I cohort)
HYPERTENSION { P13
Albumin, Serum oon3
HDL Cholesterol o002
TRANSIENT_ISCHEMIC_ATTACK 00089
Monocyte Percent poose
Hematocrit pooes
White Blood Cell Count [0.0056
Carbon Dioxide CO2
AGE_AT_HIV_DX
Triglyceride, Serum
Mean Platelet Volume
SMOKING_STATUS
- HIGH_CHOLESTROL. 0030
5 Bilirubin Total Serum or Plasma Mass/Volume | e
® Alkaline Phosphatase, Serum I 002!
2 Basophils Percent I—
DIABETES s
Potassium, Serum 0
CONGESTIVE_HEART_FAILURE 2
Chloride, Serum '
Creatinine, Serum Quantitative | | e
RACE I 008
Glucose, Serum/Plasma Quantitative | [ e
ATRIAL_FIBRILLATION [P oooe
Eosinophil Count [pooos
EXCESSIVE_ALCOHOL_USE | g
GENDER Fomo
Protein Total, Serum | R®
0600 0002 0008 0006 0008 ooz
Mean Permutation Importance (Decrease in AUC)
C Random Forest: Mean P cohort)
White Blood Cell Count 0013,
HYPERTENSION ot
Bilirubin Total Serum or Plasma Mass/Volume 1 roces
Eosinophil Count e
TRANSIENT_ISCHEMIC_ATTACK jrook?
Albumin, Serum Pooss:
Hematocrit 000t
SMOKING_STATUS I 00>
Monocyte Percent { IO 0034
AGE_AT HIV_DX{ I 0020
CONGESTIVE_HEART FAILURE | IS 02>
Blood Urea Nitrogen | e
- Glucose, Serum/Plasma Quantitative | I 028
5 Basophils Percent | 2
5 HIGH_CHOLESTROL { Y °2¢
& Alkaline Phosph 0023
phatase, Serum I
Triglyceride, Serum{ I’ 002
DIABETES | I °°1
ATRIAL_FIBRILLATION 07
Chloride, Serum{ NP *°1*
Carbon Dioxide 02 | NP °**
HDL Cholesterol | e
RACE | S
Protein Total, Serum { [P °°°°
Potassium, Serum |
EXCESSIVE ALCOHOL USE{  [P9001
Mean Platelet Volume { P00
GENDER{ P90
0500 0002 Y 010 ooz 001
Mean Permutation Importance (Decrease in AUC)
FIGURE 4

Feature names follow the source-system labels listed in Table 2.
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demonstrated impressive capabilities for stroke prediction in PLWH
using national-level data.

XGBoost and random forest models for the
national cohort

The analysis of feature importance for stroke prediction in
PLWH revealed key points between the
(Figure 4C) and XGBoost (Figure 4A) machine learning models.
Both models achieved high predictive accuracy (AUCs of 0.94 and
0.93, respectively) and converged on the importance of certain

Random Forest

clinical factors. Both algorithms identified hypertension, albumin
levels, white blood cell count, and a history of transient ischemic
attack as top predictors of stroke risk in PLWH. Furthermore,
several other overlapping features, including hematocrit, age at
HIV diagnosis, cholesterol levels, bilirubin levels, smoking status,
and various blood chemistry markers, were consistently associated
with stroke risk in this specific PLWH population.

The two models also exhibited differences in the specific features
and their relative ranking. While both models acknowledged the
importance of liver function, the XGBoost model placed greater
importance on albumin levels, whereas the Random Forest model
assigned more weight to bilirubin (another liver function marker).
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Also, HDL cholesterol (a lipid marker) was identified as a more
influential predictor in the XGBoost model than in the Random
Forest model, indicating variations in capturing the relationship
between lipid metabolism and stroke risk in PLWH between these
algorithms. Variations were also observed for blood chemistry
markers, such as carbon dioxide levels and blood urea nitrogen
levels. These differences are likely due to the algorithms’ distinct
approaches to handling feature interactions.

Figure 5A depicts the weighted average importance score for
both models in the National dataset (for calculating, first the
importance was scaled by each model’s respective maximum
score, then averaged over, and finally rescaled by the mean of the
maximum scores of both models). Both models commonly focus on
the following clinical features, in decreasing order of their
importance: hypertension, white blood cell count, albumin levels,
history of transient ischemic attack, monocyte percentage, HDL
cholesterol [17, 20], hematocrit, liver function, eosinophil count, age
at HIV diagnosis, smoking status, carbon dioxide levels,
triglycerides, high cholesterol, basophil percentage, alkaline
phosphatase serum, glucose, congestive heart failure, diabetes,
and atrial fibrillation in PLWH for stroke prevention, in addition
to other markers. Random Forest assigned negligible importance to
platelet volume, serum creatinine, serum sodium, hemoglobin, and
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the two maxima, as described in the Results.

Average permutation importance of common features across different models [(A) National cohort, (B) Tennessee cohort]. For each feature, the
permutation importance of each model was scaled by that model’'s maximum importance, averaged across the two models, and rescaled by the mean of

gender, while XGBoost, apart from hemoglobin, serum sodium, and
gender, also designated the following features as unimportant:
excessive alcohol usage, blood urea nitrogen, and serum total
protein. On average, the models placed less importance on race,
creatinine, serum sodium and serum total protein, excessive alcohol
usage, gender, and hemoglobin.

The performance of the Random Forest model in identifying
strokes within PLWH in Tennessee was similar to that of the
XGBoost model. The Random Forest model achieved a mean
AUPR of 050 (Figure 3A), similar to the performance of
XGBoost. This indicates that both models face
challenges when predicting stroke cases within this specific

similar

dataset. Furthermore, the Random Forest model also attained
a similar AUROC of 0.82 (Figure 3B) as XGBoost. The consistent
AUROC and comparative AUPR values across both models
highlight that the characteristics of the Tennessee dataset
(including its low availability) are likely the primary drivers
of the observed performance, rather than specific model
limitations.

XGBoost and random forest models for the
Tennessee cohort

When comparing the feature importance for stroke prediction
in HIV patients between the XGBoost (Figure 4B) and Random
Forest (Figure 4D) models within the Tennessee cohort, the
significance of certain key factors was identified. The average
importance scores of these models (in the same way as for the
national dataset) are plotted in Figure 5B. High cholesterol emerged
as a prominent predictor in both models, suggesting its consistent
relevance in this specific population. Age at HIV diagnosis,
hematocrit, leukocyte count, monocytes in blood, hypertension,
glucose lab [20], serum protein, diastolic blood pressure, smoking
status, alkaline phosphatase, serum urea nitrogen, serum potassium
levels, race [17], diabetes [9, 17, 20], platelet counts, serum calcium
[20], body temperature, and congestive heart failure, were other
influential shared factors. These overlapping features consistently
contributed to stroke prediction across the different algorithmic
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models within the Tennessee cohort. Features including serum
sodium, past transient ischemic attacks, hemoglobin, eosinophil
count, atrial fibrillation, excessive alcohol use, basophil counts in
blood, gender, and total bilirubin serum levels were at the bottom of
the two models, indicating their diminished/negligible contribution.

Performance comparison of the two models on the two cohorts
Table 4. It can be seen from the table that the
performance of the two models is comparable despite their

is shown in

different underlying algorithmic architecture. Hence, to isolate
the most robust and consistent predictors of stroke in PLWH, a
comprehensive comparison of the four feature importance charts
(XGBoost and Random Forest for both National and Tennessee
cohorts, as depicted in Figure 4) and their weighted average
(depicted in Figure 5) was analyzed with a focus on identifying
similarities across all models. The following features across both the
National and Tennessee cohorts were predictive of stroke in PLWH:
hypertension, high cholesterol, white blood cell count/leukocytes,
age at HIV diagnosis, serum albumin, monocyte percent,
hematocrit, past transient ischemic attack, HDL cholesterol,
smoking status, serum glucose, bilirubin, eosinophil count, serum
triglycerides, serum alkaline phosphatase, carbon dioxide, serum
total protein, blood urea nitrogen, mean platelet volume, congestive
heart failure, serum potassium, diabetes, diastolic BP, serum
chloride, and race.

Logistic regression, deep neural networks,
and the adapted Framingham Stroke Risk
Profile underperformed the ensemble
models in both cohorts

The penalized logistic regression was the weakest of the machine
learning models in both cohorts, and the size of the shortfall differed
sharply between them (Table 4). In the national cohort, it reached an
AUPR of 0.23, approximately 5.2 times the random baseline of 4.4%,
and an AUROC of 0.79, against compared with AUPR values of
0.81 and 0.79 and AUROC values of 0.93 and 0.94 for XGBoost and
random forest, respectively. In the Tennessee cohort, it reached an
AUPR 0f 0.18, approximately 2.3 times the random baseline of 7.8%,
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and an AUROC of 0.70, against an AUPR of 0.50 and an AUROC of
0.82 for both ensembles. The gap was therefore wider nationally in
absolute terms, where the ensembles benefit more from the larger
cohort than the linear model does.

The feedforward neural network performed below both
ensemble models in each cohort (Table 4). In the national
cohort, it reached an AUPR of 0.71 (approximately 16 times the
random baseline of 4.4%) and an AUROC of 0.91, against AUPR
values of 0.81 and 0.79 and AUROC values of 0.93 and 0.94 for
XGBoost and random forest. The shortfall was larger in AUPR than
in AUROC, indicating that the network ranked the small number of
stroke cases less precisely at the top of the risk distribution while
separating the two classes almost as well overall. In the Tennessee
cohort, the network achieved an AUPR of 0.40 (approximately
5.1 times the random baseline of 7.8%) and an AUROC of 0.76,
against an AUPR of 0.50 and an AUROC of 0.82 for both XGBoost
and random forest. Because interval estimates were not computed,
these comparisons are descriptive, and we cannot infer a difference
between model classes from them. A plausible contributor to the gap
is that the tree ensembles route missing values natively during
splitting, whereas the network receives mean-imputed inputs in
which the pattern of missing laboratory tests is no longer
represented. A further contributor in the Tennessee cohort is
that the number of training epochs was selected on an internal
validation split rather than on the evaluation fold, unlike
the ensembles.

The adapted Framingham score performed well below both
ensemble models in both cohorts (Table 4). In the Tennessee cohort,
it achieved an AUROC of 0.64 and an AUPR of 0.13, approximately
1.7 times the stroke prevalence of 7.8% in the analyzed cohort,
indicating modest discrimination and low precision. In the national
cohort, it achieved an AUPR of 0.30, approximately 6.8 times the
stroke prevalence of 4.4%, but an AUROC of 0.44, below the value of
0.5 expected from random classification. The divergence between
the AUROC and AUPR values across the cohorts likely reflects
differences in outcome prevalence, population characteristics, and
data completeness. The weak performance is attributable to the
substitutions required to apply the score, in particular the absence of
systolic blood pressure in the national dataset and the use of age at
HIV diagnosis in place of current age, and should not be read as a
property of the original model. These results indicate that a general
population stroke score does not transfer to PLWH EHR cohorts
without recalibration and the incorporation of HIV-specific and
contemporary clinical risk factors.

Permutation feature importance (Figures 4, 5) was evaluated for
the two primary models, random forest and XGBoost; the three
comparator models were included for performance comparison
only and are reported in Table 4.

Biological interpretation of the top factors
predictive of stroke in PLWH

Prominent blood cell counts

o White Blood Cell Count/Leukocyte/Basophils/Monocyte
percentages: These factors consistently appeared as top
all This suggests that
abnormalities in white blood cell levels carry information

predictors across four models.
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about stroke risk in PLWH. This relationship may be due to
the increased production of inflammatory cytokines and other
inflammatory markers associated with elevated white blood cell
counts, potentially due to impacts on coagulation. Patients with
white blood cell counts exceeding 9.7 x 10°uL™" (third tertile) face
an over eightfold increase in in-hospital mortality risk compared
to others. The rapid increase in cytokines and chemokines, in the
case of ischemic stroke, leads to the recruitment of white blood
cells to the affected brain tissue. Elevated white blood cell counts
are key mediators of the inflammatory response and can cause
endothelial damage. This damage can reduce the arterial wall’s
anti-thrombogenic properties, thereby increasing the risk of
thrombosis [18, 21, 22,
blood counts have both been identified as potential predictors
of mortality in patients with stable coronary artery disease. This

23]. High basophil and neutrophil

association may be linked to increased factor II plasma coagulant
activity, suggesting a prothrombotic mechanism [21].

o Hematocrit: While its ranking varied slightly, hematocrit was
consistently identified as an important predictor in all models.
This points to the relevance of red blood cell volume in assessing
stroke risk in PLWH. This has been observed by other studies in
the past, albeit with lower relative importance than other
traditional risk factors, and is consistent with previously
reported risk factors for stroke [24, 25].

« Eosinophil count: The National cohort showed that eosinophil
count was important for stroke prediction, as shown in
Figure 5A. Since eosinophils are a type of white blood cell,
their altered values could be associated with infection and
medication  therapy, including antiretroviral therapy,

especially in the case of PLWH. Eosinophil-related markers

have been associated with carotid plaque and incident stroke

in the general population [26].
Traditional stroke risk factors

» Hypertension (Blood Pressure): Hypertension was a consistently
strong predictor in the National cohort. In the Tennessee
models, the importance of blood pressure was reinforced by
the presence of “diastolic BP” [20]. It is well known that elevated
blood pressure in hypertension induces heightened stress on the
endothelium, which can impact the blood-brain barrier’s
integrity, enhancing permeability and subsequent local or
multifocal brain edema. Damage to endothelial cells and
altered interactions between blood cells and the endothelium
promote the formation of local thrombi and can lead to ischemic
lesions. Lacunar infarcts can be caused by fibrinoid necrosis due
to occlusions and focal stenosis. Degenerative alterations in the
endothelium and smooth muscle cells increase the risk of
intracerebral ~ hemorrhages. =~ Moreover,  hypertension
accelerates arteriosclerosis, thereby heightening the risk of
cerebral lesions associated with stenosis and embolism [9,
19, 20, 27].

« High cholesterol: Hyperlipidemia is associated with clotting risk
and can predispose patients to strokes. Elevated levels of lipids or
lipoproteins in the blood pose a significant stroke risk due to the
promotion of atherosclerosis in both extracranial and

blood [9, 17, 19, 20, 28].

Hypercholesterolemia consistently appeared as an important

intracranial vessels
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factor and was the most significant factor in the Tennessee
cohort models, highlighting the need for lipid management.

» Smoking Status: Smoking is a known risk factor for stroke, and
its consistent presence across the models underscores the
importance of smoking cessation interventions for people
with HIV. Numerous studies have confirmed the risk of
stroke due to exposure to carbon monoxide and nicotine.
Nicotine, tar, and carbon monoxide cause vascular

endothelial damage, reduce oxygen transport, and increase

blood viscosity, thus leading to increased stroke risk [9, 17,

19, 20, 29].
Organ function markers

(Albumin, and Alkaline
Phosphatase): Albumin was consistently significant in the

o Liver Function Bilirubin,
National cohort models. Alkaline phosphatase serum levels
appear across all four models, suggesting a potential link to
stroke in PLWH. Recent research has found an association
between liver function and risk of ischemic stroke, most
likely due to increased systemic inflammation. Additional

research into the link between these factors is warranted [30].
Age at HIV diagnosis

o Age at HIV diagnosis appeared as a significant predictor across
all four models. This suggests that the timing of HIV infection
and its long-term effects influence stroke risk. Since stroke is an
age-dependent disease, with an increased incidence at higher
ages, HIV, which also accelerates aging [31, 32], likely plays a
significant role in stroke prediction.

Metabolic function

« Serum Glucose was associated with stroke, especially in the
Tennessee cohort, as shown in Figure 5B. Serum Glucose is
associated with diabetes and metabolic health, which can
influence the inflammatory response and immune activation,
especially in PLWH. This increase in systemic inflammation
is likely responsible for the increased stroke risk in
our model.

o Serum Triglyceride was associated with stroke prediction,
especially in the National cohort, as shown in Figure 5A.
Serum Triglyceride is linked to metabolic syndrome and,
consequently, cardiovascular risk. Cardiovascular risk
increases as patients age, especially in PLWH [33, 34].

« Serum total Protein is associated with stroke risk, especially in
the Tennessee cohort, as shown in Figure 5B. Serum total protein
is an indicator of overall nutritional and metabolic status, both of

which are also compromised in aging populations [35].
Cardiovascular and systemic conditions

o Transient Ischemic Attack (TIA) (a precursor to stroke) was
associated with stroke, especially in the National cohort, as
shown in Figure 5A. A TIA is a recognized clinical
antecedent of an ischemic stroke and is included in routine
stroke risk assessments; because all of the predictors were
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recorded before the index date, its contribution reflects prior
patient history rather than the index event.

Factors with less predictive value for strokes

In these models, atrial fibrillation, serum sodium, excessive
alcohol use, hemoglobin, and gender received low permutation-
importance ranks in both cohorts (Figure 5). Apart from these,
features such as serum potassium, race, total protein serum, and
creatinine were found to be less significant, especially in the national
dataset. These factors were found to be more important in the
Tennessee cohort, especially total serum protein, as shown in
Figure 5B. Platelet count was found to be consistently in the
bottom half of the feature importance graphs in both datasets
(Figures 5A,B). In the case of the Tennessee cohort, features such
as transient ischemic attack, eosinophils, basophils, and bilirubin did
not contribute to the model, while they were very important in
stroke prediction in PLWH in the National cohort. Previous
research has suggested that a history of TIAs is associated with
an elevated risk of stroke [36].

Diabetes is an important marker for stroke risk due to its
accelerating impact on vascular aging [9, 19, 37]. However, in
our analysis, diabetes was found to be in the bottom half of the
feature importance figures (Figures 5A,B in both the National and
Tennessee cohorts). This may be because diabetes is often associated
with abnormalities in laboratory parameters, such as glucose levels,
lipid profiles, and inflammatory markers. In our analysis, the ML
models attribute more predictive power to these directly measured
laboratory values rather than to clinical diabetes diagnoses. For
example, elevated serum glucose levels may be a stronger predictor
in the model than a diagnosis of diabetes, as shown in Figure 5.

It is well documented that atrial fibrillation and diabetes are
strongly and significantly associated with stroke. The discrepancy
between the univariable association and the low permutation
importance rank arises because correlated features may absorb
the signal. Permutation importance measures a feature’s marginal
contribution given the other features in the model. Permuting the
diabetes variable (DIABETES in Table 2) leaves the serum glucose
value intact, and the model recovers the same information from the
correlated laboratory value; the same applies to atrial fibrillation
relative to the hematologic and cardiovascular features. A low
feature correlation is

permutation-importance rank under

evidence of marginal contribution, not clinical importance.

Discussion

Previous efforts to predict stroke risk among PLWH have been
limited. This study applies machine learning to predict stroke in
PLWH, who are at an elevated stroke risk, up to threefold higher
(38,
demonstrates the effectiveness of ensemble machine learning

incidence compared to HIV-negative individuals and
models, specifically Random Forest and XGBoost, for stroke
prediction in this population using large-scale EHR data.

Opverall, the use of ML and model interpretation analysis allows
for the integration of diverse clinical features and complex nonlinear
relationships [39, 40, 41, 42], while providing insights into key
predictors of stroke in PLWH. Our ML-driven findings, consistent
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with the literature [6, 19, 33], show that PLWH share many of the
same key stroke determinants as the general population. However,
HIV infection and its sequelae likely act as accelerants or additional
stressors in the pathogenesis of stroke. This convergence of evidence
supports the clinical relevance of our identified predictors and
suggests that interventions proven effective in general stroke
prevention (e.g., blood pressure, lipid, and inflammation
management) are generally applicable to PLWH [43]. At the
same time, the results emphasize the value of incorporating HIV-
specific health measures into risk assessment models to capture the
full spectrum of stroke risk factors in PLWH.

From a clinical standpoint, the predictors fall into two groups.
Hypertension, hypercholesterolemia, smoking status, and serum
glucose are established, modifiable stroke risk factors for which
preventive management is well-defined, and their prominence
across models supports paying attention to these factors in
PLWH. Hematologic, hepatic, and renal laboratory values, such
as white blood cell indices, albumin, and alkaline phosphatase, are
best regarded as indicators of inflammation, illness burden, or organ
function that contribute to risk stratification rather than as targets of
intervention in themselves. Many of these values are likely to reflect
comorbid conditions and the clinical circumstances that prompted
testing, and no clinical action is implied by an isolated abnormal
value, such as an elevated basophil count. The intended use of
models of this kind is to identify PLWH at elevated risk who may
benefit from closer evaluation and management of established risk
factors, not to guide decisions about individual laboratory results.

Comparing the two cohorts, the regional (Tennessee) cohort is
smaller and demographically distinct, resulting in machine learning
models with lower performance. This shows how limited sample size
and region-specific differences can affect predictive accuracy.

In summary, this study demonstrates that machine learning models
trained on EHR data can stratify stroke risk in PLWH and identify
candidate predictors, providing a first step toward personalized risk

assessment and intervention to mitigate stroke risk among PLWH.

Limitations

Apart from age at HIV diagnosis, neither dataset contained HIV-
specific variables such as CD4 count, viral load, ART regimen, or
duration of infection. The models are therefore, in effect, general
cardiovascular risk models applied to a PLWH population, and the
mechanisms by which HIV contributes to stroke cannot be examined
with these data. Incorporating immunological and virological measures,
including nadir CD4 count, cumulative viremia, and ART class and
duration [44] is essential for a genuinely HIV-specific stroke model.

The national and Tennessee cohorts were modeled separately.
Although the two datasets differ in source, geography, and coding
practice (Table 2), comparing models trained separately on each
cohort does not constitute external validation in the formal sense,
and the Tennessee case count (n = 199) limits the precision of any
estimate derived from it.

Demographic characteristics, including race, gender, and age at
HIV diagnosis, were incorporated into model development, and
controls were matched to cases based on these characteristics. We
therefore focused on overall model discrimination rather than
estimating performance separately within demographic strata.
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Nevertheless, subgroup-specific performance was not formally
evaluated, and the relatively small number of stroke cases in the
Tennessee cohort limited the precision of such comparisons. Future
studies with larger, independent cohorts should assess whether

discrimination ~ and  calibration = are  consistent  across
demographic groups.
Finally, permutation importance measures the marginal

contribution of a feature given the other features in the model and
does not establish causation. The identified predictors are candidates for
further investigation rather than established HIV-specific risk factors.
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