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SIREN addition of salt to food at table during eating, cardiac disease, diabetes mellitus, dyslipidemia, education,

Sub-Sahara Africa

Risk factors

Machine learning
Artificial neural network

family history of cardiovascular disease, hypertension, income, low green leafy vegetable consumption,
obesity, physical inactivity, regular meat consumption, regular sugar consumption, smoking, stress and
use of tobacco. From these, we also selected the 11 topmost risk factors using Population-Attributable

Risk ranking. Eleven ML models were built and empirically investigated using the 16 and the 11 risk

factors.

Results: Our results showed that the 16 features-based classification (maximum AUC of 82.32%) had
a slightly better performance than the 11 feature-based (maximum AUC 81.17%) algorithm. The result
also showed that Artificial Neural Network (ANN) had the best performance amongst eleven algorithms
investigated with AUC of 82.32%, sensitivity of 71.23%, specificity of 80.00%.

Conclusion: Machine Learning algorithms predicted stroke occurrence employing major risk factors in
Sub-Saharan Africa better than regression models. Machine Learning, especially Artificial Neural Network,
is recommended to enhance Afrocentric stroke prediction models for stroke risk factor quantification and

control in Africa.

© 2025 Published by Elsevier Masson SAS. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Stroke is the second leading cause of death and the third lead-
ing cause of disability worldwide [1], with over half of stroke
survivors chronically disabled [2]. The management of stroke has
improved greatly in the 21st century with the introduction of new
evidence-based interventions for acute stroke [3]. However, the
availability of these interventions for stroke treatment varies con-
siderably across geographic regions, with suboptimal care in low
and middle income settings, which bear most of the stroke burden
[4].

The World Health Organization (WHO) estimates that low- and
middle-income countries (LMIC) account for 70% of stroke inci-
dence [5]. Africa is experiencing a rise in the prevalence of risk
factors and the most viable option to control the rising burden
of stroke in Africa is prevention [6,7]. A risk calculator is the
topmost recommendation for stroke prevention by the American
Heart Association [6]. While several stroke risk calculation mod-
els are available for different regions around the world [8], none
has been found to be valid in Africa or developed specifically for
the African population. From the Stroke Investigative Research and
Education Network (SIREN) study, we had previously developed a
logistic regression model for stroke prediction, which we seek to
improve through machine learning (ML) [9]. The SIREN study is a
multicenter case-control project, encompassing fifteen sites across
Nigeria and Ghana.

ML has a great potential to enable the development of math-
ematical models that may accurately predict and characterize
stroke. ML is an application of Artificial Intelligence that enables
systems to learn and improve from experience without being ex-
plicitly programmed. Previous research efforts directed at appli-
cation of ML to stroke prediction have yielded promising results
[10]. However, the limited availability of data regarding stroke in
sub-Saharan Africa has restricted the productivity of computational
stroke research in this region. Nevertheless, the SIREN data is now
available to fill this gap [11]. The aim of this study was therefore
to develop an ML technique for stroke prediction amongst Africans
using SIREN data. Eleven commonly used ML algorithms in medi-
cal diagnosis were investigated and the algorithm that performed
best was selected (Supplementary material S1).

2. Materials and methods
2.1. Study participants

We conducted this study using 4,236 participants with 2,118
stroke patients and 2,118 controls from the Stroke Investigative

Research and Educational Network (SIREN) study. The enrollment
protocol for SIREN has been published previously [11-13]. SIREN

is the largest stroke study performed on subjects in Africa, with
the most comprehensive clinical data from stroke patients and age-
and sex-matched stroke-free controls in Nigeria and Ghana [14].
This study has identified contributions from sociodemographic, en-
vironmental and genetic factors to the risk and outcomes of stroke
and its subtypes in Africa, as well as modifiable lifestyle risk fac-
tors, that predispose individuals to stroke [15].

The overall coordinating Institutional Review Board (IRB) at all
study sites for the SIREN study was the University of Ibadan/Uni-
versity College Hospital Ibadan, Nigeria (IRB Approval No.: UI/EC/
13/0105). This research conformed to the principles of the Helsinki
Declaration and all respondents provided written informed con-
sent before participating in the study. Stroke patients included in
this study were consenting adults aged (>18 years) who presented
within 8 days of stroke onset. In patients that were unconscious
or aphasic, consent was obtained from their next of kin. Stroke
status was ascertained using neuroimaging, with either Computed
Tomography (CT) or Magnetic Resonance Imaging (MRI), within ten
days of symptom onset. Stroke risk factor evaluation were per-
formed according to a standardized protocol at each site. Patients
were recruited from hospitals to prevent inaccurate stroke pheno-
typing and minimize referral bias [16].

Controls were stroke-free adults who consented to participate
in the SIREN study and were from the same communities, where
stroke patients were recruited. Their stroke-free status was verified
using the questionnaire for Verifying Stroke-Free Status (QVSFS)
which had a 98% negative predictive value [17]. Controls were
matched to case at a ratio of 1:1 using age (with a variation of
+5 years), sex, and ethnicity to minimize potential confounding
factors. Details of the risk factor definitions for stroke cases and
controls are provided in the Supplementary file (S2).

2.2. Machine learning algorithms for stroke classification

In the context of stroke prediction, classification algorithms are
functions that map measurable input variables to one of two cat-
egories: “stroke” or “control.” The resulting models draw conclu-
sions about the presence of stroke in a subject, based on obser-
vations made about these input variables. Eleven binary classifi-
cation algorithms which are mostly used in medical application
of ML were investigated in this study: Logistic Regression, Near-
est Neighbors, Linear Support Vector Machine (SVM), Radial Basis
Function (RBF), Gaussian Process, Quadrant Discriminant Analysis
(QDA), Naive Bayes, Decision Tree, Random Forest Classifier (RFC),
Adaboost boosting (AdaBoost), Artificial Neural Network (ANN). A
brief description of the 11 ML algorithms is provided below and
more information is provided in the Supplementary Material S1.

Logistic regression uses the probability of odds to perform clas-
sification [18] and Nearest Neighbor uses a distance metric to
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classify a data point based on the nearest class [19]. SVM does
classification by computationally determining the hyperplane that
maximally separates the datapoints into the target classes and it
can be linear of kernel based [20]. The Gaussian process classi-
fier [21] and QDA [19] use Gaussian probability [22] while the
Naive Bayes uses conditional probability [21]. Decision tree works
by combining the series of related choices and mapping them to
an outcome [23]. RFC is a family of ML classification algorithms
that consists of large numbers of individual decision trees that op-
erate in an ensemble [24]. Each tree in the RFC makes a prediction
and vote, the class with the most vote is the model’s prediction.
Adaboost is also an ensemble ML but it works in phases. At the
first phase a prediction is made by the multiple trees, then the
incorrectly classified points are improved progressively in subse-
quent phases until an optimum result is achieved [25]. ANN was
inspired by the neural networks of human brain and has been
demonstrated to have good potentials at revealing hidden patterns
in biological data [26].

2.3. Data description

The data used for this study have been published in one of our
previous studies [18]. Briefly, the data contain basic demographic
and lifestyle data including the ethnic region of the participants
and their parents, socio-economic status, cardiovascular risk profile
and dietary patterns. The original dataset consists of 30 potential
risk factors for stroke in Nigeria and Ghana, which were carefully
selected based on findings in the literature [27-30], our clinical
understanding of stroke risk and empirical evidence from the sta-
tistical analysis of significant associations between risk factors and
stroke status (i.e. case vs control). The statistical analysis helped
to identify 16 explanatory variables and also to identify the top-
most 11 of these 16. In the analysis, we assessed the predictive
power of all the risk factors at both individual level and different
combinations [18]. We used logistic regression to estimate odds
ratios (ORs) and population-attributable risks (PARs) with 95% Cls.
Our analysis identified 16 explanatory variables and using the top
11 were further selected based on their predictive powers as mea-
sured by the magnitude. The 16 explanatory variables are: Addition
of salt to food at the table during eating, Cardiac Disease, Diabetes
Mellitus, Dyslipidemia, Education, Family history of cardiovascular
disease (CVD), Hypertension, Income, Low green leafy vegetable
consumption, Obesity, Physical Inactivity, Regular meat consump-
tion, Regular sugar consumption, Smoking, Stress, Use of tobacco
and waist to hip ratio. Selection of the topmost 11 variables led
to the removal of education, income, use of tobacco, regular sugar
consumption and family history of CVD (Supplementary material
S2). In the current study, we developed two ML models, the first
used the entire 16 explanatory variables while the second used
only the selected 11 explanatory variables. The selected variables
are, however, also supported by existing literature [27-30]. The risk
factors for the cases and control group were compared using chi-
square and independent t-test, depending on whether they were
continuous or categorical variables.

2.4. Classification of stroke data using eleven machine learning
techniques

Data preprocessing included data cleaning, conversion and fea-
ture selection. Age was recorded in years so it was a continuous
variable, but we converted to categorical data of 0 and 1 using age
50 years as a threshold [16,31]. Similarly, income was recorded in
dollars and as a continuous variable, but we converted to categor-
ical data of 0 and 1 using a threshold of $100. This conversion
is to ensure internal consistency and to ensure fair comparison of
the ML methods and logistic regression. All other features were
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categorical data with O representing no and 1 representing yes
to a given risk factor. Features were selected based on literature
[27-30], and our previous study [15]. Two sets of features were
used, the first was all 16 risk factors of stroke mentioned in sec-
tion 2.3 and the second was the 11 features selected from the
16 mentioned in Supplementary Material S2. The selected features
were consequently used for developing the classification models.

After feature selection, the dataset was split into a ratio of 85
to 15 for the training and testing set, respectively. The training set
was used to build the model for each of the eleven ML algorithms,
while the testing case was used for model evaluation. In the mod-
elling, we experimentally tuned the relevant parameters on the
training split in a cross-validation fashion to get the best perfor-
mance of each of the algorithms. For the final model, the number
of neighbors for Nearest Neighbors was 3, the leaf size was 30, the
metric was Minkowski and other parameters were set as default.
For logistic regression, the penalty was L2 while other parameters
were set to default. For Linear and RBF SVM, the maximum iter-
ation was set to 1000 and the penalty was set to L2 while the
random state was set to zero.

For Gaussian Process, we used Limited-Memory-Broyden-Fle-
tcher-Goldfarb-Shannon algorithm as the optimizer. QDA and Naive
Bayes used the default setting while Decision Tree and RFC used 5
as the maximum depth of the tree and 10 estimators. The number
of estimators for Adaboost was set to 50.

ANN used a Multi-Layer Neural Perceptron with 100 hidden
layers and the maximum number of iterations was set to 1000.
Activation used RELU and Adam was used as the solver while all
other parameters used the default settings.

The performance of each model was assessed using sensitiv-
ity analysis and the values of sensitivity, specificity and AUC were
recorded. The feature importance of each feature for each of the
ML was computed to determine the contributions of each feature.
Comparative analysis was based on these performance metrics.
We also compared the machine models with logistic regression
using net reclassification index (NRI) [32]. All eleven algorithms
were implemented in Python (version 3.9.7) programming lan-
guage (Python Software Foundation, Wilmington, DE, USA) running
on a Windows operating system (Microsoft Cooperation, Redmond,
WA, USA). Some of the libraries used are numpy arrays, pandas
and scikit-learn.

3. Results

3.1. Subjects

Computational experiments were performed on 4,236 study
participants, comprising 2,118 controls and 2,118 stroke patients.
Of the controls, 1,193 (56%) were male while of the stroke group,
1193 (56%) were male (Table 1). The mean age and standard de-
viation (STD) for the control group were 57.80 (13.70) years and
59.00 (13.80) years for the stroke cases. Most of the control group
did not have diabetes mellitus (87%), cardiac disease (95%), fam-
ily history of cardiovascular disease (71%), or stress (85.55%), but a
high proportion of the controls had hypertension (57%), and dys-
lipidemia (61%). Most of the control group were educated (80%),
ate meat (80%), and were older than 50 years (73%) and consumed
vegetables at least once a month (82%) but did not add extra salt
to their food (94%). About 94% of the stroke patients had hyperten-
sion and about 78% had dyslipidemia. The result of the chi-square
and t-test comparison show that the risk factors for cases were sig-
nificantly different from those of the control group (Table 1, all p
< 0.05), except gender as expected because the data was gender-
matched.
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Table 1
Descriptive Statistics and Risk Factors for the study population.
Stroke Risk Factors Control Case
N = 2118 N = 2118

Sex

Female 925(43.7) 925(43.7)

Male 1193(56.3) 1193(56.3)
Age in years (Mean =+ SD) 57.8 £ 13.7 59.0 &+ 13.8**
<50 579(27.3) 515(24.3)***
>50 1539(72.7) 1603(75.7)***
Education

No education 416(19.6) 343(16.2)*

Some education 1698(80.2) 1761(83.1)
Monthly Income

<$100 1165(55.0) 894(42.2)

>$100 915(43.2) 1168(55.1)
Physical Inactivity 49(2.3) 98(4.6)***
Current tobacco use 28(1.3) 71(3.4)"**
Stressed in the last 2 weeks 297(14.0) 457(21.6)"**
Hypertension 1216(57.4) 1999(94.4)***
Diabetes Mellitus (Type 2) 283(13.4) 800(37.8)"**
Dyslipidemia 1297(61.2) 1659(78.3)***
Cardiac Disease 110(5.2) 248(11.7)*
Raised waist to hip ratio 1407(66.4) 1584(74.8)***
Family History of CVD 611(28.8) 850(40.1)
Add salt at table 120(5.7) 171(8.1)
Low green leafy vegetable consumption  372(17.6) 572(27.0)
Regular sugar consumption 724(34.2) 611(28.8)
Regular meat consumption 1635(77.2) 1647(77.8)

** =P < 0.001.

=P < 0.0001.

Note. Age is expressed as mean and standard deviation and other variables
are expressed as N and %.

3.2. Results of classification using eleven machine learning algorithms

Table 2 and Fig. 1 show the results of the eleven classification
algorithms using all sixteen and eleven risk factors (features), re-
spectively. The results show that the sixteen features-based classi-
fication (maximum AUC of 82.32%) had a better performance than
the eleven features-based classification (maximum AUC of 81.17%).
The result also shows that ANN had the best performance amongst
all the eleven algorithms investigated with AUC of 82.32% while
RBF SVM gave the least performance with AUC of 73.6%. ANN had
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a sensitivity of 70.29% and a specificity of 79.02% when all fea-
tures were used in the classification. Logistic regression gave AUC
of 81.48%.

Table 3 shows the contributions of each of the features in each
of the ML model. For brevity, the feature importance of the ML
models with the 5 highest AUC were recorded. The result shows
that hypertension, vegetable consumption, diabetes, dyslipidemia
and use of salt at table time gave the highest contribution to all
the models.

We compared all ML algorithms with logistic regression us-
ing AUC and NRI. We found that three ML algorithms, ANN (AUC
= 82.32), Gaussian process (AUC = 82.30) and Adaboost (AUC =
81.62) outperformed logistic regression (Table 2, Fig. 2), but not
significantly. Supplementary Table S3 shows the results of the NRI
for the best four ML models using logistic regression as the refer-
ence model. The results show that ANN correctly classified 1.71%
more control than logistic regression but 1.75% fewer cases than lo-
gistic regression, totaling an overall NRI of —0.045% for ANN. Sim-
ilarly, the Gaussian process correctly classified 3.15% fewer cases
than logistic regression and 1.14% fewer control than logistic re-
gression, totaling an overall NRI of —4.30% for Gaussian process.
AdaBoost correctly classified 2.12% more cases than logistic regres-
sion but 37.89% fewer control than logistic regression, totaling an
overall NRI of —35.79% for Adaboost.

Although the AUC of some of the ML techniques performed bet-
ter than logistic regression, none of the ML models investigated
individually performed better than logistic regression when perfor-
mance is split into the percentage of positive or negative cases. The
combination of ANN and AdaBoost (see Table S1) correctly clas-
sified 2.11% more cases than logistic regression and 1.71% more
control than logistic regression, totaling an overall NRI of 3.82%.

4. Discussion

In this study, we used data from Africa’s largest stroke study to
develop ML models for stroke prediction. We used sixteen stroke
risk factors obtained from 4,236 participants for the full model,
and we also analyzed the eleven topmost stroke risk factors and
compared their performances. Nearest Neighbors, Linear Support
Vector Machine (SVM), Radial Basis Function (RBF) based SVM,

Table 2

Performance of the Classification Algorithms investigated in the study.
Algorithm Accuracy (%)  Positive Predictive Negative Predictive Sensitivity (%)  Specificity (%)  AUC (%)

Value (%) Value (%)

All the 16 Features
Artificial Neural Network 75.16 81.43 69.30 71.23 80.00 82.32
Gaussian Process 74.84 81.31 68.88 70.66 80.00 82.30
AdaBoost 75.16 82.49 68.73 69.8 81.75 81.62
Logistic Regression 75.47 82.61 69.14 70.37 81.75 81.48
Random Forest 71.54 81.95 64.05 62.11 83.16 80.97
Linear SVM 74.53 84.36 67.04 66.1 84.91 80.72
Quadratic Discriminant Analysis 70.44 72.70 67.51 74.36 65.61 78.89
Decision Tree 71.23 81.82 63.71 61.54 83.16 78.77
Naive Bayes 70.28 72.38 67.52 74.64 64.91 77.56
Nearest Neighbors 71.54 75.6 67.11 71.51 71.58 77.16
RBF SVM 65.41 79.11 57.91 50.71 83.51 73.6
Selected 11 Features
Linear SVM 74.21 83.27 67.04 66.67 83.51 81.17
Gaussian Process 73.74 84.07 66.12 64.67 84.91 81.13
AdaBoost 73.58 83.27 66.21 65.24 83.86 81.01
Neural Net 73.43 82.04 66.48 66.38 82.11 80.93
Logistic Regression 73.74 83.58 66.3 65.24 84.21 80.86
Decision Tree 71.54 83.46 63.61 60.4 85.26 78.5
Random Forest 70.60 76.80 64.85 66.95 75.09 78.35
Quadratic Discriminant Analysis 69.03 70.48 66.92 75.50 61.05 77.84
Naive Bayes 68.71 69.90 66.93 76.07 59.65 77.51
RBF SVM 71.70 80.43 64.79 64.39 80.70 75.07
Nearest Neighbors 67.92 73.79 62.39 64.96 71.58 70.22




B.S. Aribisala, D. Edward, G. Ogbole et al.

Receiver Operating Characteristic

1.0 4 =
,/
//
//
/’/

g 081 .
© /’
o i
g //’
:"E /’
2 0.6 1 -
a //
o
=4
E
2 0.41
=1 Neural Net ROC (area = 0.82)
g -7 —— Gaussian Process ROC (area = 0.82)
n > —— AdaBoost ROC (area = 0.82)

0.21 —— logisticRegression ROC (area = 0.81)

—— Random Forest ROC (area = 0.81)
—— Linear SVM ROC (area = 0.81)

1.0 A

Sensitivity(True Positive Rate)

T

0.2 0.4 0.6 0.8 1.0

1-Specificity(False Positive Rate)

Receiver Operating Characteristic

QDA ROC (area = 0.79)
~——— Decision Tree ROC (area = 0.79)

—— Naive Bayes ROC (area = 0.78)

—— Nearest Neighbors ROC (area = 0.77)
—— RBF SVM ROC (area = 0.74)

0.4 0.6 0.8 1.0
1-Specificity(False Positive Rate)

Neuroscience Informatics 5 (2025) 100216

Fig. 1. The Receiver Operating Characteristics (ROC) curves of the eleven algorithms investigated showing their performance at predicting stroke. (a) contains the best 6

algorithms based on AUC and (b) contains the other 5 algorithms.

Gaussian Process, Decision Tree, Random Forest, Multi-Layers Per-
ceptron Artificial Neural Network (ANN), Adaboost, Nave Bayes,
Quadratic Discriminant Analysis, and Logistic regression were im-
plemented and compared.

Our findings revealed that the Artificial Neural Network algo-
rithm built with all features performed best, with 72.2% sensitivity,
80.0% specificity, and 82.3% AUC in predicting stroke from risk fac-
tors. The eleven feature-based classifiers performed less than all
feature-based classifiers combined.

The model performance result shows that the Artificial Neural
Network model for stroke prediction is very promising. Our re-
sult compares very well with previous studies conducted in high
income countries, for example, the study on the Cardiovascular
Health Cohort dataset [33], which had an AUC of 77.7% using the
SVM classifier, and the study on acute stroke [34], which had an
AUC of 85.0% using RFC, and a study on a Chinese cohort which
had an AUC of 78.0% [35] using RFC.

Our observation that ANN performed better than the other ML
algorithms of this study (Nearest Neighbors, Linear SVM, RBF SVM,
Gaussian Process, Decision tree, Random Forest, Adaboost, Naive
Bayes, Quadratic Discriminant Analysis and Logistic regression) is
not surprising, since other studies have made similar observations
[33-36]. ANN can learn and model non-linear and complex rela-
tionships, which is very common in real life. This applies to stroke,

in which many relationships between predictor variables and out-
come variables are non-linear or complex. Additionally, ANN can
model the hidden relationship because it is built the upon human
brain which can understand and detect hidden relationships. An-
other strength of ANN is that it does not impose any constraint on
the input variables (e.g. distribution) and it also has a great abil-
ity to handle heteroscedasticity and collinearity in input variables
[37,38].

Our results show that the predictors of stroke in this sub-
Saharan African study, such as hypertension, stress, obesity, age,
smoking and heart disease agree with stroke predictors of other
studies, although the effect sizes differ [39-42].

This study has many strengths. First, this study can predict
the likelihood of immediate occurrence of stroke using risk factors
with an AUC of 82% and a positive predictive value of 81.4%. This
is the first-ever of such prediction methods, as other prediction
techniques foresee the future risk of stroke (usually 5-year, 10-year
risk), which may not provide a sense of urgency for primary stroke
prevention at the individual level since the risk is futuristic. This
study is important for people in Africa where prevention is critical
due to limited access to acute and chronic care facilities.

The second major strength of this work is that we have empir-
ically compared eleven ML algorithms (logistic regression, decision
tree, SVM and ANN) before determining which one to use. Our
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Table 3
Feature Importance Showing the Contribution of Each Feature.
Features Artificial Neural Gaussian AdaBoost  Logistic Random
Network Process Regression Forest
All the 16 Features
Hypertension 0.1097 0.1252 0.1000 1.0607 0.4258
Low green leafy vegetable consumption ~ 0.0233 0.0220 0.0800 0.3445 0.0528
Diabetes Mellitus 0.0204 0.0248 0.0600 0.4975 0.1115
Dyslipidemia 0.0173 0.0283 0.0600 0.3089 0.0767
Add salt at table 0.0157 0.0082 0.1000 0.2378 0.0382
Age 0.0154 0.0104 0.0800 0.1881 0.0123
Family History of CVD 0.0104 0.0072 0.0800 0.0797 0.0390
Waist to hip ratio 0.0097 0.0107 0.0600 0.1927 0.0747
Stressed in the last 2 weeks 0.0088 0.0094 0.0400 0.1946 0.0189
Cardiac Disease 0.0075 0.0035 0.0400 0.1802 0.0284
Regular sugar consumption 0.0069 0.0031 0.0400 0.0186 0.0302
Regular meat consumption 0.0066 0.0164 0.0600 0.1871 0.0156
Physical inactivity 0.0028 0.0057 0.0400 0.1157 0.0082
Income 0.0006 0.0019 0.0600 0.2026 0.0514
Use of tobacco 0.0013 0.0013 0.0400 0.1539 0.0085
Education 0.0013 0.0072 0.0600 0.1120 0.0079
features Artificial Neural Gaussian AdaBoost  Logistic Random
Network Process Regression Forest
Selected 11 Features
Hypertension 0.1292 0.1289 0.1000 1.0275 0.222
Low green leafy vegetable consumption  0.0236 0.0302 0.0800 0.3371 0.0621
Dyslipidemia 0.0223 0.0274 0.0800 03116 01711
Diabetes Mellitus 0.0176 0.022 0.0800 0.4878 0.1622
Waist to hip ratio 0.0119 0.0189 0.1000 0.1633 0.1246
Stressed in the last 2 weeks 0.0088 0.011 0.0600 0.2305 0.0394
Regular meat consumption 0.0057 0.0044 0.0400 0.2055 0.0272
Add salt at table 0.0050 0.0082 0.2800 0.2327 0.0580
Cardiac Disease 0.0041 0.0035 0.0600 0.1732 0.0803
Use of tobacco 0.0025 0.0013 0.0600 0.1658 0.0198
Physical inactivity 0.0016 0.0022 0.0600 0.0958 0.0333

results show that ANN outperformed the other ten algorithms.
Non-linear relationships, complex relationships, hidden relation-
ships, collinearity and even heteroskedasticity are all handled by
ANN. The AUC for Logistic regression was 81%, for decision tree it
was 79% and for Linear SVM it was 80%. ANN, on the other hand,
provided an AUC of 82.32%.

The third major strength of our study is the fact that the per-
formance analysis of ML algorithms was not limited to AUC com-
parison. Other similar studies compared ML algorithms like SVM,
ANN Adaboost, etc. [43-47] using AUC only, but we used both AUC
and NRI. NRI is known to outperform AUC in performance evalu-
ation [32,48-50]. Our results that ML algorithms perform better
than logistic regression agrees with those of other studies out-
side of Africa [43-47]. Although, the difference in performance is
marginal, the result is promising and could improve if the sample
size is increased.

The fourth major strength of this study is the uniqueness of the
participants. We studied Africans, from 15 different sites in Nige-
ria and Ghana [24]. To the best of our knowledge, this is the first
study to develop an ANN model for accurate prediction of stroke
using risk factors in indigenous Africans.

Our study also has a limitation. The recent technological ad-
vancement and the promising results from deep learning suggest
that deep learning could perform better than our model. Our fu-
ture plan is to include polygenic risk scores and novel proteomic
biomarkers and then use that to build a deep learning model. We
hope such an approach will improve the AUC and other predic-
tive characteristics. We also planned to validate our model on data
from other African countries to make it generalizable. Also, as part
of our future plan, we will convert the model to a mobile phone
app and make it available to end users. We believe that such app
has the potential to improve stroke risk assessment and diagno-
sis.

5. Conclusion

In this unique study, we evaluated stroke patients and stroke-
free controls from sub-Saharan Africa in the SIREN study. We
successfully developed eleven machine learning models: Nearest
Neighbors, Linear SVM, RBF SVM, Gaussian Process, Decision tree,
Random Forest, Artificial Neural Network, Adaboost, Naive Bayes,
Quadratic Discriminant Analysis and Logistic regression. Our results
show that Artificial Neural Network outperformed the other ten al-
gorithms investigated. Most importantly, our results show that risk
factors alone have a high predictive value in predicting stroke, even
before the manifestation of symptoms. We established the fact that
machine learning approaches predict stroke occurrence by employ-
ing the major stroke risk factors in Sub-Saharan Africa. Machine
learning algorithms, especially artificial neural network, is recom-
mended to enhance Afrocentric stroke prediction models for stroke
risk factor quantification and control in sub-Saharan Africa.
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Fig. 2. ROC curves of the best four performing ML algorithms versus Logistic Regression showing the AUC and Confidence interval. (a) Displays the ROC of ANN vs. Logistic
regression with confidence interval. (b) Shows the ROC curves of Gaussian process vs. Logistic regression with confidence intervals. (c) Displays the ROC curves of AdaBoost vs.
Logistic regression with confidence interval. (d) Shows the ROC of Random Forest vs. Logistic regression with confidence interval. The blue color shows the logistic regression,
while the orange color shows ML models. The shaded portion is the confidence plot of the confidence interval after bootstrapping for 1000 times.
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