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Introduction: Although several studies have been published about COVID-19, ischemic 
stroke is known yet as a complicated problem for COVID-19 patients. Scientific reports have 
indicated that in many cases, the incidence of stroke in patients with COVID-19 leads to death. 

Objectives: The obtained mathematical equation in this study can help physicians’ decision-
making about treatment and identification of influential clinical factors for early diagnosis. 

Methods: In this retrospective study, data from 128 patients between March and September 
2020, including their demographic information, clinical characteristics, and laboratory 
parameters were collected and analyzed statistically. A logistic regression model was developed 
to identify the significant variables in predicting stroke incidence in patients with COVID-19. 

Results: Clinical characteristics and laboratory parameters for 128 patients (including 
76 males and 52 females; with a mean age of 57.109±15.97 years) were considered as the 
inputs that included ventilator dependence, comorbidities, and laboratory tests, including 
WBC, neutrophil, lymphocyte, platelet count, C-reactive protein, blood urea nitrogen, alanine 
transaminase (ALT), aspartate transaminase (AST) and lactate dehydrogenase (LDH). 
Receiver operating characteristic–area under the curve (ROC-AUC), accuracy, sensitivity, and 
specificity were considered indices to determine the model capability. The accuracy of the 
model classification was also addressed by 93.8%. The area under the curve was 97.5% with 
a 95% CI.

Conclusion: The findings showed that ventilator dependence, cardiac ejection fraction, and 
LDH are associated with the occurrence of stroke and the proposed model can predict the 
stroke effectively.

Article info:
Received: 30 Jul 2021
First Revision: 24 Mar 2022
Accepted: 08 Apr 2022
Available Online: 01 Jan 2024

Keywords:
Logistic regression, Stroke, 
COVID-19, Prediction, SARS-
CoV-2

Citation Babaee, M., Atashgar, K., Amini Harandi, A., & Yousefi, A. (2024). Prediction of Stroke After the CO-
VID-19 Infection. Basic and Clinical Neuroscience, 15(1), 89-100. http://dx.doi.org/10.32598/bcn.2022.3608.1

 : http://dx.doi.org/10.32598/bcn.2022.3608.1

Use your device to scan 
and read the article online

A B S T R A C T

http://bcn.iums.ac.ir/
https://orcid.org/0000-0003-0927-2398
https://orcid.org/0000-0003-3738-2703
https://orcid.org/0000-0003-0232-5522
https://orcid.org/0000-0002-2337-0309
mailto:atashgar%40alumni.iust.ac.ir?subject=
https://bcn.iums.ac.ir/
http://dx.doi.org/10.32598/bcn.2022.3608.1
https://crossmark.crossref.org/dialog/?doi=10.32598/bcn.2022.3608.1
http://bcn.iums.ac.ir/page/74/Open-Access-Policy
http://bcn.iums.ac.ir/page/74/Open-Access-Policy


Basic and Clinical

90

January & February 2024, Vol 15, No. 1

1. Introduction 

umerous studies have been published on the 
COVID-19 pandemic. There have been re-
ports of stroke occurrences in patients with 
this virus, showing inconsistent results. 
The connection between coronaviruses as 
endemic diseases and various neurological 
disorders is being closely examined (Matías-

Guiu et al., 2020). A historical analysis of different types 
of coronaviruses by Trejo-Gabriel-Galán (2020), indi-
cates that the three known types of coronaviruses associ-
ated with acute respiratory symptoms and high mortality 
rates are linked to neurological complications. These in-
clude the SARS-CoV virus in 2003, the MERS-CoV vi-
rus in 2012, and COVID-19, which emerged in Decem-
ber 2019 in Wuhan, China. A review article documented 
5 cases of stroke among 206 patients in Singapore and 
another 5 cases among 664 Taiwanese patients during 
the 2003 epidemic (Trejo-Gabriel-Galán, 2020). The lit-
erature indicates several neurological advents, including 
cerebrovascular accidents in patients with COVID-19. 
Due to the possibility of the virus entering into the nerve 
cells, by several mechanisms, such as interfering with 
coagulation or invasion of vessel walls, in addition to 
stroke, other neurological manifestations, such as dizzi-
ness, anosmia, impaired consciousness, seizures (Ling et 
al., 2020), Guillain–Barre syndrome (Hua et al., 2020), 
encephalitis (Pilotto et al., 2020), hyposmia (Lechien et 
al., 2020) and headache have also been observed in some 
patients with COVID-19. The virus can cause strokes by 
impairing coagulation when it enters the heart and brain. 
However, strokes are not a primary manifestation of CO-
VID-19, indicating that patients with stroke may pres-

ent with COVID-19 even in the absence of respiratory 
symptoms (Trejo-Gabriel-Galán, 2020).

Many deaths associated with COVID-19 occur in pa-
tients with cardiovascular and cerebrovascular condi-
tions (Viguier et al., 2020). In some cases, the corona-
virus invades the central nervous system instead of the 
respiratory system. A study of four patients in Sakarya, 
Turkey, who experienced strokes concurrent with a CO-
VID-19 diagnosis, indicated that cerebrovascular dis-
eases can occur simultaneously and independently of 
the COVID-19 process (TunÇ et al., 2020). According 
to another study in Wuhan, China (Jin et al., 2020), CO-
VID-19 also may involve the nervous system, and the 
patients whose nervous system is involved may not be 
easily diagnosed in the early stages of the disease. This 
study led to the development of clinical guidelines aimed 
at helping neurologists diagnose the infection earlier and 
protect treatment staff.

Although neurological involvement is not common in 
COVID-19, symptoms such as encephalopathy, impaired 
consciousness, and skeletal muscle injury may indicate 
acute cerebrovascular disease (Ling et al., 2020). Evi-
dence suggests that there is a 2.5-fold increase in the risk 
of developing severe COVID-19 in patients with a histo-
ry of stroke (Lee et al., 2020), prompting clinicians to be 
vigilant for COVID-19 in cases of cerebrovascular acci-
dents. Scientific reports emphasize the need for research 
to enhance our understanding of the neurological impli-
cations of COVID-19 (Avula et al., 2020). Nonetheless, 
numerous studies have confirmed that comorbidities 
such as cancer, diabetes, cardiovascular disorders, and 
hypertension increase the risk of developing more severe 

Highlights 

• In some cases, stroke has been reported with COVID-19 simultaneously and has led to death.

• Stroke in patients with COVID-19 by a mathematical model can be predicted.

• Identifying important clinical factors can help physicians in early diagnosis.

Plain Language Summary 

We reviewed several worldwide articles on the incidence of stroke in COVID-19 patients, which in many cases, led 
to the death of patients. Sometimes the virus attacks the nervous system of people instead of attacking the respiratory 
system and leads to various neurological diseases. Mathematical models can help improve the diagnosis of the neuro-
logical consequences of COVID-19 by identifying factors and clinical conditions. The proposed model of this study 
showed that ventilator dependence and heart disease are associated with stroke, and this mathematical model can help 
physicians in early diagnosis and effective treatment of stroke in patients with COVID-19.
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COVID-19 and mortality (Wu et al., 2020; Wang et al., 
2020; Guan et al., 2020). Several studies have investigat-
ed the link between stroke and COVID-19: A retrospec-
tive study on 11 patients with coronavirus pneumonia, 
who were diagnosed with stroke based on neurological 
symptoms and confirmed by imaging, showed that the 
incidence of stroke in COVID-19 patients was signifi-
cantly higher than the average level in the general popu-
lation. The incidence of stroke increased compared to the 
period before the pandemic in China (Chen et al., 2020). 
A study was conducted in India on 3923 patients with 
COVID-19, of whom 62 cases were patients with stroke 
and the majority had carotid territory infarcts. The logis-
tic regression model indicated that a low Glasgow coma 
score (GCS) and the need for respiratory support were 
predictors of in-hospital mortality (Sundar et al., 2021). 
A study in the United Kingdom examined the risk fac-
tors, assessed the incidence, described clinical radiologi-
cal manifestations, and evaluated the outcome of strokes 
in COVID-19 patients. Data were collected from studies 
reporting >5 strokes in COVID-19 patients. The findings 
suggested that acute cerebrovascular disease is not rare 
in COVID-19 patients, especially those with a history 
of vascular risk factors, and cerebral thrombosis and/or 
thromboembolism could be potential causes of this con-
dition (Nannoni et al., 2021).

Studies have shown that although stroke is not a com-
mon complication of COVID-19, its occurrence often 
results in significant complications and mortality. Stroke 
in patients with COVID-19 was related to older age, co-
morbidities, and disease severity (Siow et al., 2021).

The aim of the present study was to predict the inci-
dence of stroke in patients with COVID-19 using logistic 
regression model analysis and identify the most impor-
tant significant factors according to clinical features and 
effective blood markers. 

2. Materials and Methods 

Data collection

The data collection method for patients with confirmed 
COVID-19 in this study utilized a non-random, prospec-
tive registration approach. Confirmation of COVID-19 
in these patients was achieved through polymerase 
chain reaction (PCR) testing and evidence of positive 
lung involvement. This study analyzed the demographic 
information, clinical characteristics, and laboratory pa-
rameters of 128 patients with COVID-19 who were re-
ferred to Shohada-e-Tajrish Hospital (Tehran, Iran) from 
March to September 2020. The data were obtained from 

the emergency department (ED), reports of the intensive 
care unit (ICU), and reports of the admission department 
of the hospital. 

The classification analysis revealed the following re-
sults: 1) 28 of the patients (21.87%) exhibited stroke 
symptoms, 2) 52 patients (42%) were females with an 
average age of 57.109±15.97, ranging from 18 to 87 
years, 3) The mean age of patients with ischemic stroke 
was 57.96±16.82 and 4) The mean age of patients with-
out ischemic stroke was 56.87±15.8.

Patients were included in this study after laboratory 
confirmation of COVID-19. Clinical features were de-
fined following consultations with neurologists who 
were part of the treatment team for patients with stroke 
and COVID-19. After diagnosis, the treatment was fol-
lowed according to the severity of the disease and natu-
rally was different for each patient, but in general, the 
following protocol was performed for all patients: 

Vitamin D3 supplementation, famotidine 40 mL taken 
twice daily, systemic corticosteroids, naproxen, and re-
spiratory treatment, if needed (patients with stroke need-
ed oxygen therapy and ventilator more frequently than 
others).

Variables

Demographic variables, including age and sex, the on-
set date of COVID-19 symptoms, the date of a positive 
COVID-19 test, ventilator dependency, comorbidities/
risk factors, and laboratory tests including white blood 
cell (WBC) count, neutrophil count, lymphocyte count 
(count×109/L, reference value (RV): 0.9–5.2), platelet 
count (count×109/L, RV: 150–400), C-reactive protein 
(mg/L, RV: 1–5), blood urea nitrogen, creatinine (U/L, 
RV: 20–170), alanine transaminase (ALT), aspartate 
transaminase (AST), and lactate dehydrogenase (LDH) 
were collected for analysis. We analyzed comorbidities, 
including hypertension (systemic blood pressure higher 
than 140/90 mm Hg), current smoking status, diabetes 
(fasting blood glucose >126 mg/dL on two separate tests, 
HbA1c >6,5%, blood glucose levels >200 mg after oral 
glucose overload or blood glucose levels >200 mg/dL 
with diabetes symptoms), chronic kidney disease, ac-
tive neoplasm, and rheumatological disease. Given their 
significance in neurological disorders, cardiovascular or 
cerebrovascular diseases, such as ischemic heart disease, 
atrial fibrillation, carotid stenosis, cardiac ejection frac-
tion <40%, and history of stroke/transient ischemic at-
tack (TIA) were considered as comorbidities (Wang et 
al., 2020; Chen et al., 2020). Table 1 displays the de-
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mographic variables, clinical features, comorbidities, 
and laboratory test results. Table 1 shows demographic 
variables, clinical features, comorbidities, and laboratory 
test results.

Statistical analysis

In this research identification of important and influ-
ential variables on stroke incidence was analyzed using 
logistic regression analysis. This method is capable of 
leading physicians to predict the incidence of stroke in 
patients with COVID-19. Ordinal and qualitative vari-
ables are defined in this approach as numbered classes. 
In this analysis, single mean imputation was used to 
manage missing data (Papageorgiou et al., 2018). Hos-
mer and Lemeshow’s test was also used to investigate 
the model’s goodness of fit. Statistical analyses were 
conducted using SPSS software, version 26, with results 
reported in terms of OR, P<0.05, and 95% CI. 

3. Results

The analysis of stroke patients revealed that, on aver-
age, stroke occurred 5 days (ranging from 0 to 17 days) 
after the onset of COVID-19 symptoms. The Wald sta-
tistic examines the significance of the presence of each 
independent variable in the model, which we can find 
out through its significance level. The Wald statistic 
functions similarly to the t-statistic in linear regression. 
The interpretation is such that if P<0.05 for a variable, it 
suggests that the inclusion of that variable in the model is 
meaningful and its effect is statistically significant. Exp 
(B) known as the OR, reflects the ratio of the odds of an 
event occurring to the odds of it not occurring. An OR<1 
suggests that as the values of the independent variable 
increase, the probability of the event occurring decreases 
(negative effect). Conversely, an OR>1 indicates that 
as the values of the independent variable increase, the 
probability of the event occurring also increases (posi-
tive effect). 

Ventilator dependency, cardiac ejection fraction <40, 
and LDH were associated with the occurrence of stroke 
and could predict its occurrence. The regression model 
illustrating the relationship between strokes and signifi-
cant variables is presented as Equation 1:

1. Logit [Π(x)]=(24.320)-24.370 

(Cardiac ejection fraction: NO)+4.796 (Ventilator de-
pendent: YES)-0.806 (Ventilator dependent: NO)-0.006 
(LDH)

In Equation 2, “cardiac ejection fraction: No” is denot-
ed by x1, “ventilator dependent: Yes” is addressed by x2, 
“ventilator dependent: NO“ is indicated by x3, and LDH 
is presented by x4:

2. Logit [Π(x)]=(24.320)-24.370 (x1)+4.796 x2)-
0.806(x3)-0.006(x4)

In Equation 3, Π(x) is the predicted value for the model 
output in the range of 0 to 1.

3.
Exp[(24.320)-24.370(x1)+4.796 (x2)-0.806(x3)-0.006(x4)])

1+Exp[(24.320)-24.370(x1)+4.796 (x2)-0.806(x3)-0.006(x4)]
Π(x)=

This model clearly identifies cardiac ejection fraction, 
ventilator dependency, and LDH as independent vari-
ables, with a constant coefficient (i.e. intercept) of the 
functional model being 24.320. According to Table 2, in 
the final analysis, these three variables remained signifi-
cant in the model, with the P for ventilator dependency 
and LDH being <0.05, making them statistically signifi-
cant, whereas the cardiac ejection fraction is considered 
clinically significant and important. 

As detailed in Table 2, the Exp (B) value for ventilator 
use exceeds one (120.995), indicating that an increase 
in the probability of ventilator use is associated with a 
higher risk of stroke. This underscores a positive correla-
tion between ventilator use and the incidence of stroke. 

The results of the omnibus test showed the model’s ac-
ceptable predictive capability. Table 3 addresses the re-
sults of the omnibus test at the third stage. As shown in 
Table 3, the fitness of the proposed model is deemed ac-
ceptable showing significance at an error level of <0.05. 

The Cox & Snell and Nagelkerke coefficients, as 
shown in Table 4, demonstrate that the independent vari-
ables in this study possess a relatively high capacity to 
explain the variance in the dependent variable (stroke). 
According to Table 4, the independent variables account 
for between 50.3% and 77.3% of the variability in stroke 
(the dependent variable).

The Hasmer-Lemeshow test was used to analyze the 
goodness of the proposed logistic regression model. 
According to Table 5, the significance level was >0.05, 
suggesting that the model fits well. This implies that the 
independent variables are effective in predicting varia-
tions in the dependent variable.
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Table 6 reveals that the model’s classification accuracy 
stands at 93.8%. This means that the model can predict 
changes in the dependent variable (stroke incidence) 
with 93.8% confidence. 

Due to the limitations of this study in collecting more 
data to investigate the generalizability of the model, 1000 
samples were drawn from the original population of 128 
subjects using replication and simple random sampling. 
This constitutes a bootstrap sample. The estimated coef-
ficients were applied to this dataset. The ROC curve for 

Table 1. Demographic variables, clinical features, comorbidities and laboratory tests 

Variables

Demographic variables
Age

Sex

Clinical features Ventilator dependence

Comorbidities

Hypertension

Diabetes mellitus

Ischemic heart disease

Atrial fibrillation

Carotid stenosis

Current smoking status

Chronic kidney disease

Cardiac ejection fraction <40%

Previous stroke/TIA

BPH

Lumbar fix

Colon cancer

Laboratory tests

White blood cell count

Neutrophil count

Lymphocyte count

Platelet count

C-reactive protein

Blood urea nitrogen

Creatinine

ALT

AST

LDH

Abbreviation: ALT: Alanine transaminase; AST: Aspartate transaminase; LDH: Lactate dehydrogenase; BPH: Benign prostatic 
hyperplasia.
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Table 2. Variables in the equation

Variables B SE Wald Statistic df P Exp (B)

Step 1a

Ventilator-dependent 42.378 2 <0.001

Ventilator-dependent (1) -0.336 1.138 0.087 1 0.767 0.714

Ventilator-dependent (2) 4.190 1.174 12.731 1 0 66.00

Constant -2.485 1.041 5.700 1 0.017 0.083

Step2b

Ventilator-dependent 42.404 2 <0.001

Ventilator-dependent (1) -0.847 1.195 0.503 1 0.478 0.429

Ventilator-dependent (2) 4.190 1.174 12.731 1 0 66.00

Cardiac ejection fraction (1) -24.53 28420.73 0 1 0.999 0

Constant 22.05 28420.73 0 1 0.999 3769442060.46

Step 3c

Ventilator-dependent 34.59 2 <0.001

Ventilator-dependent (1) -0.806 1.307 0.380 1 0.538 0.447

Ventilator-dependent (2) 4.796 1.414 11.50 1 0.001 120.995

Cardiac ejection fraction (1) -24.370 27759.27 0 1 0.999 0

LDH -0.006 0.002 6.964 1 0.008 0.994

Constant 24.320 27759.27 0 1 0.999 36470628833.5

Abbreviation: B: Regression coefficients; SE: Standard error; df: Degree of freedom.

aStep 1: Ventilator-dependent, bStep 2: Cardiac ejection fraction, cStep 3: LDH.

Table 3. Omnibus test of the model coefficients

Variables Chi-square Test df P

Step 1

Step 66.601 2 <0.001

Block 66.601 2 <0.001

Model 66.601 2 <0.001

Step 2

Step 12.407 1 <0.001

Block 79.007 3 <0.001

Model 79.007 3 <0.001

Step 3

Step 10.456 1 <0.001

Block 89.463 4 <0.001

Model 89.463 4 <0.001
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the new data is illustrated in Figure 1, displaying an area 
under the curve (AUC) of 0.977 with approximately a 
95% confidence interval. The AUC is significantly dis-
tinct from 0.5, indicating that the proposed logistic re-
gression model significantly outperforms chance classi-
fication, as evidenced by a p-value of <0.001.

Table 7 presents the classification of bootstrap data in 
both classes. 

Table 8 indicates that the area under the ROC curve 
AUC was 97%. Table 9 also indicates the relationship 
between the AUC and diagnostic accuracy terms (Hos-

Table 4. Model summary

Step Log-likelihood Cox-snell R2 Nagelkerke R2

1 67.881a 0.406 0.624

2 55.475b 0.461 0.708

3 45.019b 0.503 0.773

aEstimation was terminated at iteration number 5 because parameter estimates changed by <0.001; bEstimation was terminated 
at iteration number 20 because maximum iteration was reached.

Table 5. Model fit analysis by the Hosmer and Lemeshow test

Step
Hosmer and Lemeshow Test

Sig.
Chi-square df

1 0 1 1.000

2 0 1 1.000

3 7.026 7 0.426

Table 6. Classification table (cut-off value=0.500)

Observed

Predicted

Stroke
%

No Yes

Step 1
Stroke

No 96 4 96.0

Yes 6 22 78.6

Overall 92.2

Step 2
Stroke

No 96 4 96.0

Yes 4 24 85.7

Overall 93.8

Step 3
Stroke

No 97 3 97.0

Yes 5 23 82.1

Overall 93.8
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mer & Lemeshow, 2000). The proposed model showed 
an excellent capability of discrimination. 

Table 10 presents the diagnostic accuracy terms, in-
cluding sensitivity, specificity, and precision on the new 
data. The simultaneous attainment of optimal values for 
both sensitivity and specificity suggests that the model 
possesses satisfactory discriminative ability.

4. Discussion

While ischemic stroke is recognized as a complex com-
plication of COVID-19, the specifics of this condition 

have not been fully elucidated. Severe COVID-19 can 
lead to the activation of endothelial and mononuclear 
cells, resulting in coagulation and thrombin production. 
A study from Johann-China (Beyrouti et al., 2020) ob-
served neurological complications in 36% of 214 CO-
VID-19 patients, noting ischemic strokes were more 
frequent in patients with severe COVID-19 compared to 
those with non-severe conditions (5.7% vs 0.8%) (Bey-
routi et al., 2020). At the beginning of the COVID-19 
pandemic, many articles have addressed the increased 
stroke risk among COVID-19 patients (Beyrouti et al., 
2020; Wu et al., 2020; Steardo et al., 2020; Oxley et al., 
2020; Zhang et al., 2020).

Table 7. Classification of the bootstrap data 

Variable
Prediction

Total
0.00 1.00

Stroke
0 763 19 782

1 38 180 218

Total 801 199 1000

Table 8. The area under the ROC curve to investigate the model generalizability on the new data 

Area SEa

Asymptotic

Sig.b
Bound (95% CI)

Lower Upper

0.977 0.004 0 0.969 0.986

aUnder the nonparametric assumption, bNull hypothesis: True area=0.5 

Table 9. Relationship between the area under the ROC curve and diagnostic accuracy

Area Diagnostic Accuracy

0.9–1 Excellent

0.8-0.9 Very good

0.7-0.8 Good

0.6-0.7 Sufficient

0.5-0.6 Bad

<0.5 Test not useful

Table 10. Terms of the diagnostic accuracy

Sensitivity Specificity PPV NPV Accuracy

90.45 95.26 0.82 0.97 94.3

PPV: Precision or positive predictive value; NPV: Negative predictive value. 
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This research introduced a logistic functional model 
to predict the likelihood of stroke in COVID-19 pa-
tients. The study’s findings underscore the significance 
of ventilator use and the presence of a cardiac ejection 
fraction <40 and elevated LDH levels as independent 
predictors of stroke. The results are supported by a mul-
ticenter and multinational study involving 17,799 hospi-
talized SARS-CoV-2 patients, which investigated stroke 
risk and related factors in SARS-CoV-2. This extensive 
study, encompassing North and South America and vari-
ous countries from Europe, Asia, and Oceania, found 
that mechanical ventilation and ischemic heart condi-
tions are predictive of stroke (Shahjouei et al., 2020). To 
the best of the authors’ knowledge, this is the first study 
proposing a functional model to predict stroke incidence 
in COVID-19 patients, especially in Iran.

The sensitivity and specificity high values achieved by 
the proposed model demonstrate its proficiency in ac-
curately diagnosing both stroke occurrences and non-
stroke cases. Several studies have examined the rela-
tionship between stroke risk and respiratory infections 
(Arabi et al., 2015; Algahtani et al., 2016; Madjid et al., 
2009). The likelihood of experiencing a stroke following 
an infection appears to be minimal, approximately 1% 
(Shahjouei et al., 2020), Also, according to the United 
States National Readmissions Database, based on data 
from 46,000 patients with influenza, the risk of stroke 
was 0.3% (Yandrapalli et al., 2018). 

Patients with comorbidities, inflammatory markers, or 
those requiring vasopressors are more inclined to under-
go mechanical ventilation (Goyal et al., 2020). 

Identification of important characteristics in the occur-
rence of stroke can be beneficial for earlier diagnosis. 
The limited number of patients is one of the limitations 
of the present study. Further studies can lead researchers 
to develop the proposed model of this research. It is sug-
gested that incorporating additional clinical factors could 
enhance the model’s development. We recommend that 
different techniques, such as genetic algorithms or ma-
chine learning can be used in this field of research. 

5. Conclusion

This research introduced a logistic functional model to 
predict the incidence of stroke in COVID-19 patients. 
The literature indicates that stroke in COVID-19 pa-
tients often results in mortality. Numerical analysis of 
the results revealed that the proposed logistic regression 
model predicts stroke incidence with 93.75% accuracy 
and an AUC of 97%. The findings showed that ventila-
tor dependence, a cardiac ejection fraction of <40, and 
elevated LDH are associated with the risk of stroke. The 
logistic model proposed in this study is effective in guid-
ing physicians toward appropriate treatment strategies. 
Identifying significant clinical factors using the pro-
posed model can aid in the early diagnosis of potential 
stroke cases.
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Figure 1. Area under the ROC curve for the regression model
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