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Article

Previous studies have focused on estimating the probability 
of cerebral stroke or determining whether a single personal 
attribute is correlated with stroke (4, 5). However, they have 
not directly addressed how much stroke is connected to 
other variables with the effects of particular groupings and 
combinations of those variables. A specific study tracked 
individuals who participated in the Northern Manhattan Study 
(NOMAS), analyzing how diabetes duration status was related 
to stroke based on prospective population-based cohort data; 
however, the researchers did not address whether having 
diabetes along with groupings of other factors influenced the 
risk of stroke (6). Another study by Fekadu et. al. addressed 
stroke risk factors for patients in Ethiopia and Sub-Saharan 
Africa (7). That study was based on single characteristics 
including personal conditions and attributes, but not directly 
with social variables or multiple variables together (7).

In this study, we analyzed the relationships between 
stroke and other variables, and quantified how combinations 
of stroke, hypertension, and heart disease along with dataset 
features affect each other. We examined the probabilities 
of having stroke, hypertension, or heart disease based on 
multiple factors. We hypothesized that the prior conditions 
are dependent between themselves and significantly related 
to age, body mass index (BMI), glucose level, work type, 
marriage status, and gender, while being independent from 
residence type. We hypothesized that the prior conditions 
may not be related to residence type as their prevalence has 
been found to be similar between rural and urban patients 
in other studies (8). Overall, our findings suggest that stroke, 
hypertension, and heart disease are associated among 
themselves and have a relationship to age, BMI, glucose 
level, smoking status, gender (except with stroke), marriage 
status, and work type, while being unrelated to residence 
type. Future work could examine the potential interactions 
between additional variables to gain a more comprehensive 
understanding of their combined effects or explore machine 
learning techniques for enhanced stroke prediction.

RESULTS
Our rationale for this study was to clarify the impact of 

risk factors onto the chance of having a stroke. The data in 
this study was sourced from Mendeley Data and originally 
collected from HealthData.gov (8, 9). This dataset comprises 
of 43,400 patients with 12 features and with the target column 
being stroke. It has adequately large sample sizes. Some of 
the smallest sample sizes were that 200 patients had stroke 
and hypertension, and 583 patients had stroke but didn’t 
have hypertension; 177 and 606 patients had stroke with 
and without heart disease, respectively, and 399 urban and 
384 rural patients had stroke; all are greater than the widely-
used minimum sample size of 30. We calculated descriptive 
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SUMMARY
Cerebral stroke, a life-threatening condition that has 
a high mortality and morbidity rate, is the second 
leading cause of death worldwide. A stroke occurs 
when the blood supply to the brain is interrupted or 
reduced, resulting in potential neurological damage. 
Unlike many previous studies that focused on a single 
personal attribute related to stroke or estimated 
the probability of stroke, we conducted statistical 
analyses to investigate whether and how stroke and 
other variables are influenced together and amongst 
each other. Next, we modeled stroke, hypertension, 
and heart disease based on the data from 43,400 
patients. We hypothesized that stroke, hypertension, 
and heart disease are statistically correlated to age, 
body mass index (BMI), glucose level, work type, 
marriage status, and gender, but are not related to 
residence type. Descriptive statistics of the data 
were computed and examined with statistical tests. 
To model the data, we performed logistic and linear 
regression. Our results showed that all of the variables 
in the dataset were related to each other except for 
residence type. Our data also suggested that heart 
disease had the strongest association with whether 
an individual had stroke, while smoking status had 
the strongest association with hypertension or heart 
disease. The analysis and models provide a context of 
risk factors with respect to cerebral stroke.

INTRODUCTION
Stroke is a significant public health issue affecting over 

795,000 people each year in the United States with about 1 in 
4 people having a stroke in their lifetime (1, 2). The five-year 
survival rate among ischemic stroke patients is 31%, while 
for stroke caused by intracerebral hemorrhage, the survival 
rate is even lower at 24% (3). Not only a detriment to societal 
health, stroke also has an immense negative impact on the 
economy with more than $56 billion in stroke-related costs in 
the United States in a single year, which includes health care 
services and absent work time (1). 

Although the full complement of pathogenic factors 
associated with stroke are not completely known, stroke 
is known to be related to lifestyle choices, genetics, 
environmental exposures, and personal characteristics 
and attributes (1). Identifying and assessing the risk factors 
of stroke is necessary to aid future stroke prevention (1). 
Furthermore, establishing what mechanisms are unrelated to 
stroke is also important to reduce misdiagnosis and patient 
morbidity and mortality. 
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statistics of age, body mass index (BMI), and glucose 
level stratified by stroke, hypertension, and heart disease, 
residence type, and smoking status. Numerical statistics are 
being used as they have all been connected to stroke risk 
(10). 

Descriptive Statistics
Mean age, BMI, and glucose level is lower for non-stroke 

patients as opposed to those who had a stroke, hinting 
that stroke could be related to those statistics. There is 
an especially large difference of approximately 26  years 
between the mean ages of stroke versus non-stroke patients 
(mean  ±  standard deviation of age in years: 68.14  ±  12.32 
and 41.74 ± 22.39, respectively) (Figure 1 and 2). In quartile 
summaries of age, BMI, and glucose level by stroke, 
hypertension, heart disease, residence type, and smoking 
status, the median value was always greater for stroke, 
hypertension, or heart disease patients compared to patients 
without those conditions, suggesting that they may be related 
to each other (Figure 1 and 3). However, there was no clear 
difference in the median age, BMI, and glucose level between 

urban and rural patients, which supports our hypothesis that 
residence type is not related to the other factors of interest. 
Additionally, the median age, BMI, and glucose level for 
smoking status categories, from greatest to least, was always 
in the order of formerly smoked, currently smokes, and never 
smoked, suggesting that patients who never smoked may be 
the healthiest (in terms of BMI and glucose levels).

To measure variability in the data, we calculated 
interquartile range (IQR). The largest difference in IQR 
between stroke and non-stroke individuals occurred for 
glucose level, with the IQR’s being 104.5 mg/dL (81.1 mg/
dL to 185.6 mg/dL) and 34.2 mg/dL (77.5 mg/dL to 111.7 mg/
dL), respectively, meaning that glucose level for stroke 
patients varied significantly unlike for non-stroke patients. 
However, the standard deviation of age and BMI is less for 
stroke patients, meaning that stroke patients may have less 
variability in age and BMI.

Overlaid histograms of age, BMI, and glucose level 
by stroke, hypertension, heart disease, residence type, 
and smoking status do not display a normal distribution in 
several cases (Figure 2 and 3). Most patients with stroke, 

Figure 1:  A greater mean age, BMI, and glucose level for stroke patients compared to non-stroke patients. Similar distributions of 
age, BMI, and glucose level between rural and urban patients. (a) Age, (b) BMI, and (c) glucose level by stroke, hypertension, heart disease, 
and residence type. The inner boxes display the median and interquartile range, and the whisker lines extending from the inner boxes signify 
the range of the values. The circular dots show the data outliers. Statistically significant differences between boxes are shown by ***, and the 
number of patients (n), p-values and 95% confidence intervals are listed (two-sample t-test, p < 0.05). 
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hypertension, or heart disease are older. For patients with 
stroke, 90.4% are older than 50 years. For hypertension and 
heart disease patients, the majority of individuals are also 
more than 50 years old (77.6% and 90.9%, respectively). All 
histograms of BMI are skewed right, suggesting that some 
individuals in the dataset have high BMI’s. For example, 
the majority of patients with stroke (78.8%) are overweight, 
meaning that they have a BMI greater than 25 (11). All glucose 
level histograms are bimodal, meaning that there are two 
distinct groups. For example, the two groups of data for the 
glucose level of stroke patients are 70 mg/dL to 115 mg/dL 
and 200 mg/dL to 225 mg/dL. In general, this could suggest 
that there are two distinct types of individuals with respect to 
glucose level.

Statistical Comparisons
Our analyses revealed that there was a statistically 

significant difference in mean age, BMI, and glucose level 
between stroke and non-stroke, hypertension and non-
hypertension, and heart disease and non-heart disease 
patients by two-sided t-tests and confidence intervals (all 

of p  <  2.2e-16, except for BMI by stroke of p = 5.217e-7) 
(Figure 1 and 2). However, with age, BMI, and glucose level 
by residence type, the differences in means between rural 
and urban residents were not significant (p = 0.787, 0.443, 
0.998, respectively), supporting our hypothesis that these 
factors are not related to residence type. To determine the size 
of any differences between means, we applied confidence 
intervals; they suggested that the mean age, for example, 
was approximately 22.5-27.3 years greater for stroke patients 
compared to non-stroke patients, while the mean age, BMI, 
and glucose level were around the same between residence 
types (Figure 1 and 2). 

Combinations of variables such as hypertension, heart 
disease, and smoking status and with age, BMI, and glucose 
level may reflect on if and how these variables are related. 
Of these combinations, patients with hypertension and heart 
disease who have never smoked had the greatest stroke 
occurrence rate (10.3%), while those without hypertension 
or heart disease and never smoked had the lowest (1.2%) 
(Table 1). The greatest median age, BMI, and glucose levels 
were patients with hypertension and heart disease, with 

Figure 2: Left-skewed, right-skewed, and bimodal distributions of age, BMI, and glucose level, respectively. Similar distributions 
of age, BMI, and glucose level between rural and urban patients. (a) Age, (b) BMI, and (c) glucose level by stroke, hypertension, heart 
disease, and residence type. The bars in each histogram display the number of patients (n) and different colors signify the patient categories. 
Statistically significant differences in means between histograms are shown by ***, and p-values and 95% confidence intervals are listed 
(two-sample t-test, p < 0.05).
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hypertension but without heart disease, and with hypertension 
and with heart disease, respectively. In addition, we calculated 
the percentages of patients with stroke, hypertension, and 
heart disease, based on work type, smoking status, and 
marriage status (Table 2). Patients who are or were married 
had five times the stroke rate (2.5%) of those who were never 
married (0.5%). Hypertension was most prevalent in the self-
employed (16.1%), and heart disease was most prevalent in 
patients who formerly smoked (8.6%) (Table 2). Between 
combinations of hypertension and heart disease, patients with 
both conditions had the highest occurrence of stroke (10.1%) 
(Table 1). This suggests that individuals with hypertension 
and heart disease have a higher risk for stroke, and around 1 
in 10 of them may have a stroke. We found that patients with 
heart disease but without hypertension had nearly double 
the percentage of stroke (8.1%) than those with hypertension 
but without heart disease (4.2%), indicating that the former 
group may be at a higher risk for stroke than the latter. For 
patients with both hypertension and heart disease, those who 
never smoked had the highest occurrence of stroke (10.3%), 
compared to those who formerly smoked (8.9%) or currently 
smoke (9.2%), which is puzzling as smoking is known to 
be highly associated with stroke (12). This result may have 
been due to the severely imbalanced stroke variable in the 
dataset and data outliers. These differences in percentages 
by smoking status were also statistically significant but may 
not be practically significant.

Then, we investigated whether these variables were 

related to each other. We found that stroke was related to 
hypertension, heart disease, smoking status, marriage status, 
and work type (p < 0.05, Chi-Square Test of Independence) 
(Table S1). However, stroke was independent to residence 
type and gender (p = 0.67, 0.06, respectively; Chi-Square 
Test of Independence). It should be noted that the result with 
stroke and gender may be due to the outliers in the data and 
a severely imbalanced dataset. Overall, the tests suggested 
that residence type was unrelated to stroke, hypertension, 
and heart disease, while other variables tested were related, 
supporting our hypothesis. We then calculated their Cramer’s 
V values (which go from 0 to 1, with larger values meaning 
a stronger relationship) to find out how strongly they were 
related (Table S1). Hypertension and heart disease with 
work type and marriage status were related the strongest (for 
example: hypertension & marriage status: 0.18; heart disease 
& work type: 0.12). However, these Cramer’s V values are 
moderate overall, which is important because it suggests that 
these variables are not very strongly related and don’t have a 
very large impact on each other.

To analyze how the numerical variables were related, we 
calculated Pearson’s correlation coefficient. With age and 
BMI, age and glucose level, and BMI and glucose level, the 
Pearson’s correlation coefficient was respectively 0.36, 0.24, 
and 0.19, suggesting that they were weakly associated. To 
find the association between numerical and binary features, 
we used Point-Biserial correlation. This was implemented 
for stroke, hypertension, and heart disease with age, BMI, 

Figure 3: Mean age, BMI, and glucose level by smoking status, from greatest to least, are all in the order formerly smoked, smokes, 
and never smoked. The moderately symmetric, right skewed, and bimodal distributions of age, BMI, and glucose level, respectively, by 
smoking status. (a, d) Age, (b, e) BMI, and (c, f) glucose level by smoking status. In the boxplots, inner boxes display the median and 
interquartile range and whisker lines extending from the inner boxes show the range of the values. The circular dots are data outliers. The 
bars in each histogram display the number of patients (n) and different colors signify patient categories.
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Table 2: The percentage and number (n) of patients with stroke, hypertension, and heart disease by work type, smoking status, 
and marriage status. 

Table 1: The percentage and number (n) of patients with stroke for each category between hypertension, heart disease, and 
smoking status. For each pair of categories, the largest box contains the percentage and number of patients with stroke, and the three 
smaller boxes show the percentage and number with stroke for each smoking status.
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and glucose level. The greatest correlation coefficient was 
for hypertension and age (0.27), meaning that they were the 
most strongly correlated. However, 0.27 is a small correlation 
coefficient overall, suggesting that the variables are weakly 
related to each other. All of these Point-Biserial correlations 
had statistically significant p-values (α = 0.05).

Linear Regression Analyses
To measure how age, BMI, and glucose level influenced 

each other, we developed linear regression models. The 
models were between age and BMI, age and glucose level, 
and BMI and glucose level; the model between age and 
BMI had the highest adjusted R-squared value (0.13), which 
indicates how well the regression approximates the data. 
However, this is still low, which indicates that age and BMI do 
not have a strong relationship and cannot be used to predict 
one another. For this model in particular, the estimated 
coefficient was 0.12, meaning that for each one-year increase 
in age, there was a 0.12 increase in BMI. There was also a 
0.45 mg/dL increase in glucose level for each year increase 
in age, and a 1.03 mg/dL increase in glucose level for a 
unit increase in BMI. The results of all the linear regression 
models performed were statistically significant with p-values 
less than 0.05.

Logistic Regression Analyses
We performed logistic regression to compare the effects 

of other variables on stroke, hypertension, and heart disease 
(Table S2). For the model of stroke based on age, BMI, glucose 
level, hypertension, heart disease, and smoking status, heart 
disease had the strongest coefficient (0.75), suggesting that 
heart disease has the largest impact on whether a patient had 
a stroke (but doesn’t imply causation). This could be because 
heart disease can cause decreased blood flow in the arteries, 
leading to reduced blood in the brain (13). Glucose level and 
BMI had the weakest impact on stroke, and BMI was not a 
significant predictor of stroke. To measure the overall fit of this 
model, we calculated the Area under the Receiver Operating 
Characteristic curve (AUC), which was 0.86, meaning that 
the model was fairly robust. In logistic regression to model 
hypertension, smoking status had the strongest impact on 
hypertension (patient smokes: 0.88), which may be because 
smoking is known to decrease blood flow and increase blood 
pressure (14). Glucose level again had the least prediction 
impact (0.004). The model had an AUC value of 0.81, 
meaning that it had a fairly robust fit on hypertension. With 
the regression model of heart disease, smoking status again 
had the largest impact (0.61) on heart disease, while glucose 
level had the least (0.005). This model’s AUC value was 0.87, 
suggesting that it was robust in modeling heart disease, and 
importantly shows that the model can be accurately used.

DISCUSSION
Our statistical analyses have shown that there are 

significant and non-significant relationships between features 
in the data. Our results suggest that patients who experience 
a stroke have a greater age, BMI, and glucose level than 
those who do not experience a stroke, confirming widely 
known clinical results (12). Patients who have hypertension or 
heart disease have greater mean age, BMI, and glucose level 
than those without. However, the BMI difference between 
hypertension and non-hypertension patients is much larger 

than for stroke or heart disease. Histogram distributions of 
the age of patients with stroke, hypertension, or heart disease 
are skewed left, which also suggests that the majority of 
individuals with those conditions are older. We found that 
there was no significant difference in the mean age, BMI, and 
glucose level between patients residing in rural versus urban 
areas, supporting our hypothesis that residence type is not 
related to age, BMI, and glucose level. 

In the data, the self-employed have the highest occurrence 
of stroke, hypertension, and heart disease of all of the work 
types, suggesting that they may be at a higher risk for stroke. 
We speculate that this may be because the self-employed can 
have worse economic status and less access to healthcare. 
Patients who formerly smoked and those who are married 
may have a greater risk of stroke than non-smokers and 
unmarried patients. In addition, male patients are observed 
to have a greater rate of hypertension and heart disease than 
female patients, supporting scientific knowledge reported 
in literature (15, 16). We found that of the variables stroke, 
hypertension, heart disease, residence type, smoking status, 
gender, marriage status, and work type, most were related to 
each other by the Chi-Square test except for residence type 
and for stroke and gender. This again suggests that residence 
type is not associated with the other variables (residence type 
was not imbalanced). The result of non-association of stroke 
and gender may have been influenced since the dataset 
has outliers and is imbalanced in regard to stroke. The 
Cramer’s V values were the greatest for hypertension and 
heart disease with marriage status and work type, suggesting 
that they were the most strongly associated. Importantly, 
however, these associations were moderate overall. With the 
correlation between pairs of numerical and binary variables, 
all had negligible correlations except for age and BMI, which 
had a low positive correlation of 0.36. This indicates that the 
variables being tested are weakly related to each other, in 
which when the value of one variable increases, the value of 
the other correlated variable may also increase. From linear 
regression, we also found that age, BMI, and glucose level 
have an impact on each other. Our results suggested that 
these variables are not enormously affected by each other.

We identified the variables with the greatest impact on 
stroke, hypertension, and heart disease by logistic regression. 
With respect to stroke, the heart disease coefficient was 
the greatest, suggesting that it had the most impact on 
whether an individual had a stroke. Hypertension was also 
an impactful stroke factor, while BMI and glucose level were 
not, which is puzzling as both BMI and glucose level have 
a known association with stroke (17, 18). We speculate that 
this result could be due to an imbalanced dataset for stroke 
and far outliers in terms of BMI. For hypertension, whether 
a patient smoked had the greatest influence on it. However, 
glucose level had the lowest impact on hypertension. This is 
odd given the well-known strong association between the two 
variables (19). With respect to heart disease, smoking and 
hypertension were the most influential factors, while glucose 
level was the least influential. This could be due to the prior 
reasons of dataset imbalance and outliers.

Some factors may have influenced our statistical analysis. 
There was a severely imbalanced stroke population in 
that there are many more patients with stroke than those 
without, which may have influenced the Chi-Square results 
regarding stroke and gender. This imbalanced dataset could 
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be addressed by under-sampling the non-stroke patients, 
over-sampling the stroke patients, or using a data weighting 
mechanism. The dataset included far outliers, although they 
accounted for a small (< 5% for BMI) part of the data. For 
example, several patients had a BMI of greater than 90, 
which is humanly possible but very unlikely. This could have 
affected the logistic regression models. Our results in terms of 
stroke and gender may have been different if we had access 
to an outlier-free and non-imbalanced dataset. In the future, 
we could remove these outliers from the data entirely before 
analysis; we would still have enough data, since outliers only 
make up a small section of the dataset. 

As the data has missing values (31% of smoking status 
and 3% of BMI), a future extension of this research could be 
to attempt to have the full data from the source, remove the 
missing values entirely, or impute the missing values into the 
dataset. Removing these missing values could be problematic, 
however, since they make up a significant portion of the data. 
We could also develop machine learning models to predict 
the occurrence or occurrence time of stroke, hypertension, 
and heart disease based on the dataset. Research by Dritsas 
et. al. used nine machine learning models to predict stroke 
based on influencing factors, for example (20). Complex 
machine learning models such as neural networks, random 
forests, and the Naïve Bayes would be best to predict and 
model these intricate prior conditions (21). The models would 
be significant to patients in general, as we could make use of 
these predictions to screen individuals and improve prevention 
strategies to decrease patient morbidity and mortality.

The findings of this research suggest that stroke, 
hypertension, and heart disease are associated among 
themselves and have a relationship to age, BMI, glucose 
level, smoking status, gender (except with stroke), marriage 
status, and work type, while being unrelated to residence type. 
We also quantified the impact of these variables amongst 
themselves. These results could be used to assist with stroke, 
hypertension, and heart disease screening techniques, or be 
incorporated into machine learning prediction models. For 
example, our results on the relevance of risk factors to stroke 
could be used to see whether patients have a high chance of 
developing the disease. 

MATERIALS AND METHODS
Dataset

This research was based on a dataset of 43,400 patients 
sourced from Mendeley Data and originally collected from 
HealthData.gov (8, 9). Independent Review Board approval 
was not required. The dataset has 12 features with only 783 
stroke patients out of the total 43,400 and 31% of smoking 
status and 3% of BMI values missing. Missing values from the 
data were not excluded for our analyses. It contains patient 
data but no personal information (Table 3).

Data Analysis
The data was analyzed using the statistical programming 

language R (Appendix) (22). Descriptive statistics of variables 
and correlation coefficients in the data were calculated and 
then visualized with boxplots and histograms. The boxplots 
were created on the same frame to allow accurate comparison 
of the numerical data values for age, BMI, and glucose level. 
Histograms were used to investigate the overall distribution 
of age, BMI, and glucose level, and were overlaid for stroke, 
hypertension, heart disease, residence type, and smoking 
status. The histograms were created in R using the ggplot2 
library (23). 

One-sided and two-sided T-tests were used to analyze 
the differences in sample means of the age, BMI, and 
glucose level for stroke and non-stroke, hypertension and 
non-hypertension, heart disease and non-heart disease, and 
rural and urban patients for statistical significance. The widely 
accepted significance level of α = 0.05 was used to determine 
whether there was a statistically significant difference in 
means. 

The Chi-Square Test of Independence was performed 
between pairs of the categorical variables stroke, hypertension, 
heart disease, residence type, smoking status, gender, work 
type, and marriage status. This was to determine whether the 
variables being tested were independent or dependent. The 
Chi-Square Test was extended with Cramer’s V values, which 
determines the degree of dependency between the tested 
variables, using the Rcompanion library (24). 

Linear regression was performed to quantify the 
relationship between age, BMI, and glucose level. To study 
the impact and influence of dataset variables on and between 
stroke, hypertension, and heart disease, logistic regression 
was implemented. The libraries pscl, Metrics, and caret were 
utilized for logistic regression (25, 26, 27). The robustness of 
these models was then calculated with the AUC value using 
the pROC library (28).
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APPENDIX 
 

 Stroke Hypertension Heart Disease 
 p-value Cramer’s V p-value Cramer’s V p-value Cramer’s V 

Hypertension 2.2e-16 0.0753 n/a 2.2e-16 0.1198 
Heart Disease 2.2e-16 0.1138 2.2e-16 0.1198 n/a 

Residence Type 0.6657 0.0022 0.5259 0.0031 0.5831 0.0027 
Smoking Status 2.2e-16 0.0469 2.2e-16 0.1274 2.2e-16 0.0997 

Gender 0.0559 0.0115 2.104e-6 0.0245 2.2e-16 0.0824 
Marriage Status 2.2e-16 0.0719 2.2e-16 0.1766 2.2e-16 0.1288 

Work Type 2.2e-16 0.0759 2.2e-16 0.1542 2.2e-16 0.1242 
Table S1: Comparison of the dependency between pairs of the variables stroke, 
hypertension, heart disease, residence type, smoking status, gender, marriage status, and 
work type through the Chi-Square test. For each pair of variables, the p-value and Cramer’s V 

score are listed. A significance level of α = 0.05 was used with the p-value. 

 

 
 Coefficient Standard Error p-value 

 Stroke Hypertension Heart 
Disease Stroke Hypertension Heart 

Disease Stroke Hypertension Heart 
Disease 

Age 0.0714 0.05 0.0768 0.0039 0.0015 0.0024 2e-16 2e-16 2e-16 
BMI -0.0033 0.0532 0.0129 0.0075 0.0029 0.0045 0.6656 2e-16 0.0045 

Glucose Level 0.0034 0.0036 0.0049 0.0009 0.0004 0.0005 6.92e-
5 2e-16 2e-16 

Hypertension 0.4723 n/a 0.3967 0.1102 n/a 0.0735 1.81e-
5 n/a 6.69e-8 

Heart 
Disease 0.7466 0.3028 n/a 0.1195 0.0745 n/a 4.15e-

10 4.77e-5 n/a 

Smoking 
Status: 

Formerly 
Smoked 

0.0578 0.6507 0.3285 0.1518 0.078 0.0933 0.7035 2e-16 0.0004 

Smoking 
Status: Never 

Smoked 
0.1474 0.784 -0.1389 0.1411 0.072 0.0928 0.296 2e-16 0.1343 

Smoking 
Status: 
Smokes 

0.3367 0.8769 0.6101 0.1673 0.0824 0.1023 0.0441 2e-16 2.5e-9 

Table S2: The coefficient, standard error, and p-value for each variable in logistic 
regression for stroke, hypertension, and heart disease. The coefficient column signifies the 

impact of the variable for the model, the standard error column shows the model’s standard error 

for the variable, and the p-value column suggests the statistical significance of the variable. 
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#R Code implemented in this research 
 

#T-test  

only <- strokes[strokes$Residence_type > 0, ] 

nononly <- strokes[strokes$Residence_type < 1, ] 

(testt <- t.test(only$age, mu=mean(nononly$age), alternative="greater")) 

#For BMI 

only <- strokes[strokes$stroke > 0, ] 

nononly <- strokes[strokes$stroke < 1, ] 

(testt <- t.test(only$bmi, mu=mean(nononly$bmi, na.rm=TRUE), alternative="greater")) 

 

#Chi-Square test  

chisq.test(strokes$stroke, strokes$work_type) 

 

#Simple Linear Regression  

linearreg <- lm(strokes$avg_glucose_level ~ strokes$age) 

summary(linearreg) 

 

#Histograms  

strokes$heart_disease <- as.character(strokes$heart_disease) 

library("ggplot2") 

(histogram <- ggplot(strokes, aes(x=avg_glucose_level,fill=heart_disease)) +  

    geom_histogram(position="identity", alpha=0.8, colour='red')) 

histogram + labs(#title = "Glucose Level by Residence Type", 

                 x = "Glucose Level", 

                 y = "Number of Patients", 

                 fill = "Heart Disease") +  

  scale_fill_discrete(labels = c("Non-Heart Disease", "Heart Disease")) 

 

#Boxplots  

strokes$age <- as.numeric(strokes$age) 

par(cex.main = 0.9) 

boxplot(strokes$age ~ strokes$heart_disease, 

        #main="Age with and without Stroke", 
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        xlab="Non-Heart Disease (0) or Heart Disease (1)", 

        ylab="Age (years) of Patients", 

        border="Red",  

        col = c("salmon", "turquoise")) 

 

#Point-Biserial Correlation  

cor.test(strokes$heart_disease, strokes$avg_glucose_level) 

 

#Logistic Regression  

sample <- sample(c(TRUE,FALSE), nrow(strokes),  

                 replace=TRUE, prob=c(0.7,0.3)) 

train_dataset <- strokes[sample, ] 

test_dataset <- strokes[!sample, ] 

strokes$smoking_status <- factor(strokes$smoking_status) 

logregmodel <- glm(hypertension ~ age + bmi + heart_disease + smoking_status, data = 

train_dataset, family="binomial") 

summary(logregmodel) 

pscl::pR2(logregmodel)["McFadden"] 

predicted <- predict(logregmodel, test_dataset, type= "response") 

pROC::auc(test_dataset$hypertension, predicted) 

 

#Cramer's V  

rcompanion::cramerV(strokes$hypertension, strokes$gender) 


