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Abstract

Background: Ischemic stroke (IS) accounts large amount of stroke incidence. The aim of this study was to discover the risk
and prognostic factors that affecting the occurrence of IS in hypertensive patients.

Method: Study data were obtained from the Medical Information Mart for Intensive Care (MIMIC)-IV database. To avoid biased
factors selection process, several approaches were studied including logistic regression, elastic net regression, random forest,
correlation analysis, and multifactor logistic regression methods. And seven different machine-learning methods are used to con-
struct predictive models. The performance of the developed models was evaluated using AUC (Area Under the Curve), prediction
accuracy, precision, recall, F1 score, PPV (Positive Predictive Value) and NPV (Negative Predictive Value). Interaction analysis was
conducted to explore potential relationships between influential factors.

Results: The study included 92,514 hypertensive patients, of which 1746 hypertensive patients experienced IS. The Gradient
Boosted Decision Tree (GBDT) model outperformed the other prediction model terms of prediction accuracy and AUC values
in both ischemic and prognosis cases. By using the SHapley Additive exPlanations (SHAP), we found that a range of factors
and corresponding interactions between factors are important risk factors for IS and its prognosis in hypertensive patients.

Conclusion: The study identified factors that increase the risk of IS and poor prognosis in hypertensive patients, which may
provide guidance for clinical diagnosis and treatment.
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Introduction
The global disease burden of stroke over the past decades
has not been favorable. Stroke was reported to be the
second leading cause of death, and the third leading cause
of combined death and disability.1 Published systematic
analysis revealed that among the 10 diseases with the great-
est number of neurological disability-adjusted life years
(DALYs) in 2021, stroke accounted for the largest share
globally and in 19 of the 21 GBD regions.2 The global
burden of stroke increased substantially from 1990 to
2019 by 70.0% in stroke events and 143.0% in DALYs.3

Previously published study showed that nearly 15% to
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30% of stroke survivors would experience lifelong disabil-
ity, while 20% require at least three months of hospital care
after stroke.4 Stroke imposes significant costs of care and
costs associated with lost productivity on patients.5

Ischemic stroke (IS) is a general term for necrosis of
brain tissue due to narrowing or occlusion of the arteries
supplying blood to the brain (carotid and vertebral arteries)
and insufficient blood supply to the brain.6 The vast major-
ity of stroke incidence are IS.5 The prevalence of IS in
China has also increased significantly,7 data from the
Hospital Quality Inspection System (HQMS) in 2019
showed that 1672 tertiary hospitals admitted IS accounted
for 82.6% of strokes.8

Hypertension, one of the major comorbidities of stroke,
is prevalent in the stroke population and is the most import-
ant modifiable risk factor for stroke.9 Therefore, large
numbers of research on the factors influencing the onset
and prognosis of IS in hypertensive patients. Currently,
studies on the occurrence and prognosis of IS are often
based on hospital follow-up data, and public databases.
Among those databases, the Medical Information Mart for
Intensive Care (MIMIC) database has adequate number of
patients with IS, with comprehensive and complete
records of the various indexes, which is eligible for the
study purposes.

There are a number of machine-learning prediction
studies on stroke in which a number of meaningful influ-
ences have been identified, as well as effective machine-
learning models. These provide medicine with a basis for
stroke prevention and treatment.10,11 The current applica-
tion of the MIMIC database related to IS are mainly con-
ducted for two types. For the first type, the analysis of
all-cause mortality and risk of death in IS patients using
traditional statistical models.12,13 These studies focused
on a single factor and only on patients admitted to the inten-
sive care unit (ICU). However, a large proportion of IS
patients are not admitted to the ICU on their initial admis-
sion. If we lose this part of the data, meaningful information
may be lost and the research results may be biased. Another
type of studies has been conducted to develop predictive
models.14,15 However, such studies often suffer from
incomprehensive study factors, non-robustness in factor
screening and machine-learning-based modeling, as well
as the lack of interpretability.16

Meanwhile, relevant experimental studies have found
that age is a risk factor for IS in hypertensive patients, but
the effect of age was not the same in male and female
studies.17 It was also found that changes in BMI were asso-
ciated with high prevalence of IS and diabetes mellitus,
while diabetic patients had an increased risk of IS.18 This
type of literature has inspired us to explore the interactions
between the factors that influence the development of IS in
hypertensive patients, and exploring the interactions
between these factors can help to provide a more compre-
hensive understanding of the pathogenesis of IS, leading

to the development of more effective preventive and thera-
peutic strategies. However, few data studies have explored
the interactions between variables.

Previous studies have focused on healthy and diabetic
populations, and few have looked at stroke risk in people
with hypertension.19 Therefore, in this study, we included
as many potential factors related to risk and prognosis of
IS in hypertensive patients as possible, used a more
robust factor screening strategy. And to address the poten-
tial heterogeneity, an interpretable machine-learning
approach was used to explore the effects of interactions
on outcomes, in order to better support the clinical diagno-
sis and treatment.

Methods

Sources of data

Research data was obtained from the MIMIC-IV database
(version 2.0, https://physionet.org/content/mimiciv/2.0/).
The database is a high-quality, publicly available dataset
consisting of clinical information on patients who were at
Beth Israel Deaconess Medical Center (BIDMC) between
2008 and 2019.20

Study population

Patients diagnosed with hypertension and IS were included
according to ICD9 and ICD10, specific codes selected are
available in Supplementary Materials. The exclusion cri-
teria were as follows: (a) age <18 years; (b) absence of
hypertension at the time of first admission; (c) IS occurring
before hypertension; and (d) death occurring before IS.

Data collection and study outcome

This study was a retrospective observational study based on
public database conducted at the Xi’an Jiaotong University
Department of Epidemiology and Biostatistics from
January 2023 to April 2024.

The extraction in the MIMIC-IV database was carried
out in the Navicate Premium (version 16.0.11, Premium
Soft, Hong Kong, China) software platform and
Structured Query Language (SQL) were applied to extract
the data.

The list of extracted factors is also provided in
Supplementary Materials. The endpoint for studies is the
occurrence of IS for hypertensive patients and prognosis
for hypertensive patients with IS.

Data pre-processing

The study data extracted from databases contain missing
values. Factors with ≥50% amusingness in the extracted
data were not included in subsequent analyses. Other
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missing data were filled in using multiple imputation
method. We also transformed the continuous factor BMI
in the database into ordinal factor. The use of three medica-
tions, simvastatin, rosuvastatin, and atorvastatin, were com-
bined into statins use, which was recorded as 1 whenever
one of these medications was used.

When different features have different orders of magni-
tude, larger values may dominate the learning process of the
model, resulting in a model that is less sensitive to features
with smaller values. Standardization solves this problem by
keeping all features within a similar range. So we use this
method for deep neural network (DNN) model that rely
on gradient descent.21 Decision trees (DT) and their
derived models usually do not require standardization or
normalization of the data as they are based on comparisons
of eigenvalues rather than numerical magnitudes.

Factor selection

In order to capture a broader range of factors relevant to the
outcome and ensure that the factors included are well-
represented and generalizable, we used three different
methods for the factor screening in the training set22 and
we take the concatenation of these three sets of results.
(a) Univariate logistic regression (LR), performing
one-way LR analysis for each characteristic factor and
outcome, selecting factors with two-tailed p≤ 0.05. (b)
Elastic net regression, with regularization methods to opti-
mize model complexity and identify important sparse sets
of factors.23 (c) Random forest, comparing the magnitude
of contribution between features, the degree of contribution
was measured using the Gini index as an evaluation metric.

The factors screened were then subjected to correlation
analysis, using Pearson and Spearman correlation coeffi-
cients. Correlation coefficient >0.6 was judged to be
strong correlation.

The last step is to conduct a multivariable LR analysis.
To avoid multi-collinearity, factors with correlation
greater than 0.6 are put into the model separately. The
results take the intersection and the factors obtained are
included in the next step of the analysis.

Statistical analysis

We performed descriptive analyses of all individuals found
in the database who met the study requirements. Mean±
standard deviation (SD) was used to describe normally dis-
tributed continuous factors, and median and IQR (interquar-
tile range) were used to describe skewed continuous factors.
Categorical factors were statistically described using fre-
quencies (component ratios). Differences in continuous
factors were tested using Student’s t-test or the rank-sum
test. Differences in categorical factors were tested using
the Chi-squared test.

In this study, the dataset was randomly divided into a
training set and a test set according to the sample size
ratio of 7:3. The training set was used to select factors
and train the model, and the test set was used to validate
the performance of the model. In this study SMOTENC
was applied to the training set to address data imbalances
hence allowing for better model performance and prediction
following past studies.24 By reading the related litera-
tures,25,26 considering both the complexity of the model
and the interpretability of the results, seven commonly
used machine-learning prediction models with high
correct rates were selected and covered both machine-
learning models and deep learning models. The study
used seven methods such as DT, random forests (RF),
Gradient Boosted Decision Tree (GBDT), Extreme
Gradient Boosting (XGBoost), LR, DNN, and Oblique
Decision Random Forest (ODRF). The training and
testing process involves 5-fold cross-validation.
Prediction accuracy, AUC, precision, recall, F1 score,
Positive Predictive Value (PPV) and Negative Predictive
Value (NPV) were then computed and compared to assess
the performance of the models and to identify the best
model for predicting the risk and prognosis of IS in hyper-
tensive patients. Finally, the best model was interpreted
using SHapley Additive exPlanations (SHAP).

The descriptive analysis and factor selection processes
were performed using the R programming language
(version 4.1.3, R Core Team, Vienna, Austria) and
RStudio software (version 2022.02.1, RStudio Team,
Boston, MA, USA). The modeling and interpretable learn-
ing of the model were performed using the Python program-
ming language (version 3.7, Python Core Development
Team, Virginia, USA) and Pycharm software (version
2020.3.4, JetBrains, Czech Republic). The statistical sig-
nificance level was 0.05 (two-tailed).

Results

Baseline characteristics

The demographic features of 90,768 and 1746 participants
in the study of the risk of IS in hypertensive patients who
did not suffer from IS and those who suffered from IS,
respectively, is shown in Table 1. The mean age was 68.1
± 14.7 years. The difference in BMI between the two
groups was not statistically significant. Hyperlipidemia
accounted for the largest proportion of comorbidities at
49.1%, 45.6% for those taking statins, and 42.6% for
those taking aspirin.

The number of hypertensive patients suffering from IS
prognosis study without death and death were 907 and
839, respectively, and the demographic status are shown
in Table 1. The mean age was 75.3± 12.5 years. The differ-
ence in BMI was not statistically significant between the
two groups. The largest proportion of comorbidities was
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Table 1. Baseline characteristics of participants.

For Risk Research Populations

Factors Total (n= 92,514) Non-IS (n= 90,768) IS (n= 1746) p

Demographic characteristics

Age, mean± SD 68.1± 14.7 68.0± 14.7 72.2± 12.7 <0.001

Gender, female n (%) 44,996 (48.6) 44,061 (48.5) 935 (53.6) <0.001

Weight, mean± SD 183.3± 44.2 183.4± 44.4 180.6± 43.5 0.008

BMI, mean± SD 29.1± 5.4 29.1± 5.4 28.9± 5.3 0.351

BMI_category

1 (<18.5) 1774 (1.9) 1747 (1.9) 27 (1.5) 0.292

2 (18.5–24.9) 19,358 (20.9) 18,981 (20.9) 377 (21.6) 0.507

3 (25.0–29.9) 31,555 (34.1) 30,950 (34.1) 605 (34.7) 0.648

4 (≥30.0) 39,827 (43.0) 39,090 (43.1) 737 (42.2) 0.468

Race, n (%)

Asian, n (%) 2812 (3.0) 2763 (3.0) 49 (2.8) 0.615

Black, n (%) 12,847 (13.9) 12,492 (13.8) 355 (20.3) <0.001

White, n (%) 62,958 (68.1) 61,812 (68.1) 1146 (65.6) 0.031

Other, n (%) 13,897 (15.0) 13,702 (15.1) 196 (11.2) <0.001

Comorbidities

Hyperlipidemia, n (%) 45,384 (49.1) 44,480 (49.0) 904 (0.5) 0.023

Congestive heart failure, n (%) 14,937 (16.1) 14,586 (16.1) 351 (0.2) <0.001

Peripheral vascular disease, n (%) 7997 (8.6) 7781 (8.6) 216 (12.4) <0.001

Cerebrovascular disease, n (%) 10,266 (11.1) 10,056 (11.1) 210 (12.0) 0.226

Mild liver disease, n (%) 5780 (6.2) 5705 (6.3) 75 (4.3) <0.001

Severe liver disease, n (%) 1447 (1.6) 1433 (1.58) 14 (0.8) 0.013

Malignant cancer, n (%) 9598 (10.4) 9422 (10.4) 176 (10.1) 0.713

Myocardial infarct, n (%) 10,490 (11.3) 10,261 (11.3) 229 (13.1) 0.020

Renal disease, n (%) 15,710 (17.0) 15,293 (16.8) 417 (23.8) <0.001

Chronic pulmonary disease, n (%) 17,916 (19.4) 17,604 (19.4) 312 (17.9) 0.117

Sepsis, n (%) 3708 (4.0) 3679 (4.1) 29 (1.7) <0.001

Cerebrovascular atherosclerosis, n (%) 548 (0.6) 535 (0.6) 13 (0.7) 0.497
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For Prognosis Research Populations

Total (n= 1746) Nondeath (n= 907) Death (n= 839) p

Demographic characteristics

Age, mean± SD 75.3± 12.5 72.6± 12.3 78.3± 12.0 <0.001

Gender, female n (%) 935 (53.6) 467 (51.5) 468 (55.8) 0.072

Weight, mean± SD 178.3± 42.0 182.4± 41.1 173.8± 42.5 <0.001

BMI, mean± SD 28.8± 5.0 29.0± 4.9 28.7± 5.2 0.313

BMI_category

1 (<18.5) 23 (1.3) 12 (1.3) 11 (1.3) 1.0

2 (18.5–24.9) 375 (21.5) 174 (19.2) 201 (24.0) 0.018

3 (25.0–29.9) 635 (36.4) 339 (37.4) 296 (35.3) 0.390

4 (≥30.0) 713 (40.8) 383 (42.2) 330 (39.3) 0.238

Race, n (%)

Asian, n (%) 52 (3.0) 24 (2.6) 28 (3.3) 0.474

Black, n (%) 351 (20.1) 188 (20.7) 163 (19.4) 0.553

White, n (%) 1184 (67.8) 600 (66.2) 582 (69.4) 0.146

Other, n (%) 159 (9.1) 96 (10.6) 65 (7.7) 0.051

Comorbidities

Hyperlipidemia, n (%) 1093 (62.6) 594 (65.5) 499 (59.5) 0.013

Congestive heart failure, n (%) 569 (32.6) 240 (26.5) 329 (39.2) <0.001

Peripheral vascular disease, n (%) 275 (15.8) 138 (15.2) 137 (16.3) 0.553

Mild liver disease, n (%) 87 (5.0) 38 (4.2) 49 (5.8) 0.138

Severe liver disease, n (%) 27 (1.5) 3 (0.3) 24 (2.9) <0.001

Malignant cancer, n (%) 222 (12.7) 65 (7.2) 157 (18.7) <0.001

Myocardial infarct, n (%) 323 (18.5) 150 (16.5) 173 (20.6) 0.031

Renal disease, n (%) 571 (32.7) 232 (25.6) 339 (40.4) <0.001

Chronic pulmonary disease, n (%) 354 (20.3) 178 (19.6) 176 (21.0) 0.505

Sepsis, n (%) 123 (7.0) 29 (3.2) 94 (11.2) <0.001

Cerebrovascular atherosclerosis, n (%) 117 (6.7) 74 (8.2) 43 (5.1) 0.015

(continued)
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hyperlipidemia at 62.6%, 74.6% of those taking aspirin, and
67.4% of those taking statins. Descriptive analyses of
factors in the laboratory results and medicine section in
Supplementary Table S1.

Factor selection

For the study of the risk of IS, the predictor factors that were
closely related were age, sex, peripheral vascular disease, renal
disease, aspirin, glucose maximum, COPD, hyperlipidemia,
amlodipine, sepsis, neutrophil maximum, statins, and
BMI. Predictor factors that were strongly associated with
prognostic studies of IS were age, CCI, RDW maximum,
BMI, sepsis, triglyceride, rivaroxaban, respiratory failure,
statins, and acetaminophen.

Model development and validation

Because of the imbalance in the proportion of hyperten-
sive patients with and without, the SMOTENC balancing
technique was applied to the training dataset before mod-
eling. We applied machine-learning algorithms with the
training dataset and validated the model using the test

dataset (parameters settings are shown in Supplementary
Table S2).

The prediction results of the seven machine-learning algo-
rithms are shown in Supplementary Table S3. The compari-
son of AUC of the seven machine-learning algorithms is
shown in Figure 1A and B. From Supplementary Table S3,
it can be seen that the model with the highest accuracy and
AUC is the GBDT model.

Model interpretation

Our study found that the GBDT model performed the best
in risk prediction and prognosis prediction.

The basic idea of the GBDT is to combine many weak
base classifiers into one strong base classifier.27 The advan-
tages of GBDT are good training results, less overfitting,
and flexibility in handling various data types, including
continuous and discrete values.28 GBDT is a model with
strong generalization capabilities. A number of medical
studies have used the GBDT model.29

We then performed a SHAP analysis of the GBDT
model to reveal the distribution of the effects of each
selected factor.

Table 1. Continued.

For Prognosis Research Populations

Total (n= 1746) Nondeath (n= 907) Death (n= 839) p

Coagulopathy, n (%) 150 (8.6) 56 (6.2) 94 (11.2) <0.001

Respiratory failure, n (%) 160 (9.2) 45 (5.0) 115 (13.7) <0.001

Figure 1. Performance evaluation of seven machine-learning algorithms with ROC curves. (A) ROC curves of seven models for predicting
risk of stroke in hypertensive patients. (B) ROC curves of seven models for predicting prognosis of stroke in hypertensive patients.
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Firstly, in order to determine the importance of each
feature to the predictive model, the SHAP summary of
the GBDT model was plotted Figure 2.

Red dots indicate high-risk value and blue indicate
low.30 As shown in Figure 2A and B, high values of age,
BMI, neutrophil maximum, and glucose maximum corres-
pond to SHAP values greater than zero. This suggests
that these characteristics are important risk factors.

As shown in Figure 2C and D, high values for age, CCI,
RDW maximum, and triglyceride corresponded to SHAP
values greater than zero. This suggests that these features
are important factors for the prognosis.

Secondly, the practical application of the model takes the
form shown in Supplementary Figure S2. Red areas indi-
cate that the eigenvalue increases the probability of the
ending occurring, while blue areas indicate that the eigen-
value decreases. f (x) represents the composite SHAP
value for each patient. The mean SHAP value of all
samples was used as the baseline value. When the value
of f (x) is greater than the baseline value, the model predicts
that the ending occurs.31 Supplementary Figure S2A shows
that the hypertensive patient got an IS and the model pre-
dicted true. Supplementary Figure S2B shows that the
hypertensive patient did not get an IS and the model
predicted true. Supplementary Figure S2C shows that the
patient died and the model predicted true. Supplementary
Figure S2D shows that the patient did not die and the
model accurately predicted true.

The importance ranking of factor interactions was
plotted as shown in Figure 3A and B. The interactions
between age and BMI, glucose maximum and aspirin, age

and glucose maximum, and sex and age were significant
for IS risk prediction. As shown in Figure 3B, the interac-
tions between age and CCI, age and RDW maximum, age
and respiratory failure, CCI and triglyceride, age and trigly-
ceride, CCI and RDW maximum were significant for the
prognostic prediction.

As shown in Figure 4A, with increasing age, the risk of
IS is higher in hypertensive patients with higher BMI, espe-
cially those between 40 and 90 years of age.

As shown in Figure 4B, for hypertensive patients with
higher than normal blood glucose (fasting blood glucose
normal values of 3.9–6.1 mmol/L, database in mg/dL, 6.1
mmol/L is approximately equal to 109.8 mg/dL). There
are more red dots below the SHAP value= 0 than above
the SHAP value= 0, indicating that taking aspirin is more
effective in reducing the risk of IS in hypertensive patients
with high blood glucose values.

As shown in Figure 4C, with increasing age, blood
glucose values outside the normal range increase the risk,
especially those between the ages of 40 and 90 years old.

As shown in Figure 4D females (gender= 0) should take
care of IS prevention after 60 years of age, and males
(gender= 1) should prevent IS when they are around 45
years of age.

As shown in Figure 4E the CCI increases with age and
the higher age CCI is detrimental to the prognosis.

The normal range of RDW is 11.5% to 14.5%, as shown
in Figure 4F high RDW values are detrimental to the prog-
nosis as age increases.

As shown in Figure 4G with increasing age, having
respiratory failure disease is detrimental to the prognosis.

Figure 2. Summary of SHAP for the GBDT model. (A) The higher the characteristic SHAP value the more likely IS is to occur. A point is
created in the model to represent one feature attribute value for one patient, so a point is assigned to each feature on the line for each
patient. Points are colored according to the feature values of the corresponding patient and accumulated vertically to depict density. Red
color indicates higher feature values and blue color indicates lower feature values. (B) The absolute value of the mean of the SHAP values
for each feature is the feature importance distribution. (C) The higher the SHAP value of a feature, the more likely it is that a poor prognosis
for IS will occur. (D) The absolute value of the mean of the SHAP values for each feature is the feature importance distribution.
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The normal range for triglyceride is 0.45 to 1.69 mmol/L,
database unit is mg/dL, unit conversion mg/dL * 0.011=
mmol/L, and exceeding 149.7 mg/dL is outside the normal
range. As shown in Figure 4H, more and more patients had
triglycerides outside the normal values with increasing CCI.
Both patient comorbidity with other diseases and triglycerides
exceeding normal values are detrimental to the prognosis.

As shown in Figure 4I as age increases, the more trigly-
cerides exceed normal values the less favorable the
prognosis.

As shown in Figure 4J as the CCI increases, the number
of patients with RDW exceeding normal values is increas-
ing, and having other comorbidities with RDW exceeding
normal values is detrimental to the prognosis.

Discussion
Over the past few decades, the global burden of stroke
has increased dramatically, especially in low- and
middle-income countries, because of the increasing in
aging populations and modifiable stroke risk factors.3 The
correlation between hypertension and increased risk of
stroke has long been the strongest and most recognized.32

Our study, in line with other related studies, identified a
number of influential factors that affect the risk and progno-
sis of IS in hypertensive patients. The importance of our
study lies in the fact that we used statistical methods and
machine-learning models to determine the impact on the
onset and prognosis IS in patients with hypertension and
identified specific high-risk subgroups with above-average
responses to specific risk factors.

Data imbalance is a common problem in many real-
world datasets, which can seriously affect machine-learning
model performance, as many models are sensitive to the
distribution of classes, so we perform data balancing on

the training set. Feature importance is an important aspect
of understanding the predictive power of a model. The
GBDT model provides built-in methods for calculating
feature importance, which can help us understand which
features have the most impact on prediction. Combining
all the result metrics reveals that the GBDT model achieves
the best performance on the internal validation set com-
pared to the other models. We used the SHAP method to
perform interpretable learning on the GBDT model to
explore the risk and prognostic influences affecting the
risk of IS in hypertensive patients.

Both global and regional changes in brain tissue volume
occur specifically with age.33 Aging is the most important
factor influencing the incidence and prevalence of
stroke.34 The incidence of IS increases with age, especially
for those aged 50 to 69 years or older.35 Although age is
un-modifiable, it is important to pay more attention to
stroke prevention as age increases.

Previously published study has suggested that risk of IS
is higher for those with obesity,36 high blood glucose,37

while RDW is associated with poor prognosis38 and
higher triglyceride indices are associated with a higher
risk of poor functional prognosis and in-hospital mortal-
ity.39 Our findings also verified these findings, which also
suggested the reliability of our analysis.

Published study found that neutrophils are the first cells
in the peripheral blood to reach the infarcted area of the
brain after the onset of IS.40 Previous studies have found
that the number of neutrophils in the area of cerebral infarc-
tion increases over time.41 High levels of neutrophil count
and neutrophil ratio were found to be associated with
mild IS or transient ischemic attack, as well as an increased
risk of IS.42 Similarly, our study found that high levels of
neutrophil ratio can be a risk factor and can be used as a
diagnostic aspect for clinicians.

Figure 3. Ranking of the importance of variable interactions. (A) Important risk factors in the predictive model of the risk of ischemic stroke
in hypertensive patients. (B) Important risk factors in the predictive model of the prognosis of ischemic stroke in hypertensive patients.
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According to our results, comorbidities are an unfavor-
able prognostic factor. Treatment after the first IS occurs
should be accompanied by attention to the treatment and
prevention of other comorbidities.

The relationship between factors affecting hypertensive
patients suffering from IS are complex, the effect of each

factor is also simultaneously influenced by the others.
Statistically, interaction is representative of the moderating
effect between factors.43 In order to better understand the
relationship of factors associated with IS risk and prognosis
for hypertensive patients, we also conducted an interaction
effect analysis.

Figure 4. Variable interaction dependency plots. (A) Interaction between age and BMI on the risk of having an ischemic stroke. (B)
Interaction between blood glucose maximum and aspirin on the risk of having an ischemic stroke. (C) Interaction between age and blood
glucose maximum on the risk of having an ischemic stroke. (D) Interaction between sex and age on the risk of having an ischemic stroke.
(E) Interaction between age and the CCI on the prognosis of having an ischemic stroke. (F) Interaction between age and RDW maximum on
the prognosis of having an ischemic stroke. (G) Interaction between age and respiratory failure on the prognosis of having an ischemic
stroke. (H) Interaction between the CCI and triglyceride on the prognosis of having an ischemic stroke. (I) Interaction between age and
triglyceride on the prognosis of having an ischemic stroke. (J) Interaction between CCI and RDW maximum on prognosis of having ischemic
stroke.
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Gender differences of IS depend on the age of the patient
with hypertension, as the impact of gender on stroke risk and
prognosis changes throughout the life cycle.44 This is con-
sistent with our findings in the interaction of sex and age
on the risk of developing IS. In middle age, our findings sug-
gested that more attention should be given to the prevention
of IS in men. While in older age, the incidence of IS begins to
increase in women. This may be related to hormones. A large
meta-analysis reports that the risk of stroke associated with
metabolic syndrome is significantly higher in women than
in men.45 One study found that women with early meno-
pause had a twofold increased risk of IS.46

The interaction of age and BMI also influenced the risk.
Changes in important risk factors for thromboembolic
stroke during aging may be related to weight gain, with par-
ticular attention to elevate blood pressure or the acute phase
of hypertension.47 Therefore, it is important to focus on
weight management for older hypertensive patients.

In the analysis, interaction between aspirin and blood
glucose was significant. Hyperglycemia increases the size
of cerebral infarcts and the permeability of the blood–
brain barrier,48 so hypertensive patients need to pay atten-
tion to glycemic control in order to reduce the risk.49

Meanwhile, antiplatelet drugs can be used to reduce the
long-term risk of non-cardiogenic embolic IS,50so hyper-
tensive patients can take aspirin reasonably to prevent IS.

The interaction effect of age and blood glucose was also
significant, suggesting that the older the more important it is
to control blood glucose in hypertensive patients.

Increased mortality in the elderly may be related to the
effects of aging and late complications.33 Results of a
mixed-gender clinical study showed older stroke patients
appeared to be more likely to develop infectious complica-
tions, such as pneumonia and urinary tract infections.51 In
our study the interactions of age and CCI, as well as the
interaction between age and respiratory failure were found
to have some effect on the prognosis.

The interactions of CCI and RDW, as well as age and
RDW also affected the prognosis as suggested by our find-
ings. A growing number of studies have shown that RDW is
strongly associated with the incidence and prognosis of
many diseases, such as myocardial infarction,52 and so
on. The higher the CCI is, the less favorable the patient’s
prognosis.53

Studies have shown that both inflammatory response and
oxidative stress are associated with RDW.54 Oxidative
stress affects the life span of red blood cell, destroys the
red blood cell membrane, and increases the osmotic fragil-
ity of red blood cell as well as their ability to adhere and
aggregate.54 All these factors lead to changes in RDW. In
addition, these pathological processes can promote coagula-
tion and thrombosis.55 Meanwhile, several studies have
identified potential mechanisms for the effects of aging,
which include the promotion of oxidative stress and inflam-
matory responses.56 Both RDW and age are relatively

simple and readily available indicators that can help physi-
cians better identify and assess the prognosis.

In our study, we found that the interaction between CCI
and, triglyceride, as well as the interaction of age and trigly-
ceride also influence the prognosis. Several studies have
shown that plasma triglyceride concentrations accumulate
with age.57 Triglyceride accumulation leads to the forma-
tion of atherosclerotic plaques and are also a risk factor
for diseases including peripheral arterial disease,58 and so
on. Control of triglyceride reduces the incidence of
comorbid diseases and benefits the prognosis.

There are also some limitations to this study. Firstly, our
study was a retrospective research conducted based on
public database, thus further prospective study is needed to
verify our findings. Then, several important measurements in
IS research such as the NIHSS scores, results of cranial CT
and MRI are not available in the MIMIC-IV database, which
may cause the loss of information and potential bias in the ana-
lysis. Besides, data missing occurs for almost all factors,
though we have conducted missing data imputation to minim-
ize the influence, potential bias may not be totally avoided.

Conclusions
Combining all the resultant metrics, GBDT model obtained
the best performance on the internal validation set as com-
pared to the other models. Subgroup identification analysis
suggests that hypertensive patients with specific character-
istics have a higher risk of IS and a poor prognosis. Our
findings may provide a reference for the prevention of IS
and the improvement of prognosis after disease onset in
the hypertensive population.
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