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Abstract 

Background Existing research focuses on the identification of key risk factors for stroke, 

improves the accuracy of stroke risk prediction, and provides more evidence for the scientific 

diagnosis, treatment and intervention of stroke.  

Methods We included 4785 cases, stratified by sex (men: n=3156; women: n=1629) and age 

(18-40 years; 41-54 years; 55-69 years; 70+ years), the survey data of stroke patients conducted by 

Cooperative Hospital from 2019 to 2020. After data preprocessing, an extreme learning machine 

was used to construct a stroke risk prediction model. 

Results The stroke risk prediction model was identified that total cholesterol and high-density 

lipoprotein were the 10 most important risk factors affecting the onset of stroke. The prediction 

accuracy rate of the risk prediction model is 97%. 

Conclusion The method in this paper can quickly and effectively dig out the key risk factors 

affecting the onset of stroke from the data, and predict the risk of the onset, which has high 

application value. 
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Highlights 

 This study constructed an accurate and efficient stroke prediction model based on extreme 

learning machine. 

 The ten important features were discovered, which provide support for the rapid construction 

of stroke risk prediction models.  

 Our research will provide support that can be applied to clinical practice, that is, it will help 

doctors quickly identify people at high risk of stroke and make decisions. 

 Data preprocessing are known to reduce the impact on the model prediction results and we 

will account for this in the analysis. 

 We will address the potential limitation of important feature detection by performing feature 

selection methods. 

 

Background  

Stroke is caused by the development of cerebrovascular disease to a certain extent, with high 

morbidity, disability and mortality, and has become a major disease that seriously endangers 

human health and life safety in the world today. 

At present, stroke is the chronic disease with the highest rate of death and disability in my 

country. In recent years, the incidence rate has continued to increase. It is estimated that the 

incidence of cerebrovascular disease events in my country in 2030 will increase by about 50% 



compared with 2010. 

As patients with stroke are irreversible, difficult to heal, and high nursing costs, the medical 

burden is showing an increasing trend. Therefore, early prevention of stroke is particularly 

important. 

Stroke prevention research generally uses statistical methods to model the relationship between 

risk factors and disease incidence, and then quantify the risk of disease incidence, so as to carry 

out stroke and high-risk population health management [1-3].  

At present, for ischemic stroke, stable scoring methods and predictive models have been 

constructed [4-9]. Experts generally recommend choosing modified Framingham stroke scale, 

pooled cohort equation, stroke risk calculator and other tools for ischemic stroke risk assessment. 

With the development of big data technology, the latest research focuses on the tracking and 

processing of medical electronic medical record data of stroke patients, using machine learning, 

data mining and other methods to build a high-precision stroke risk prediction model [10-12]. 

  In stroke prediction methods, more methods are used: artificial neural network method, decision 

tree method, logistic regression method, etc. 

 

Methods 

Study settings and design 

In this study, the decision tree method is a fixed analysis that puts all variables at the same level, 

and the algorithm of the decision tree structure has "sequential bias". It is recommended to 

combine decision trees with other models [13-14].  

Compared with logistic regression, in the classification of multi-dimensional and non-linear 

medical data, the classification performance, generalization ability, modeling calculation ability of 

logistic regression does not have obvious advantages [15-16].  

The extreme learning machine algorithm can incorporate more risk factors, realize complex 

nonlinear mapping, automatically extract appropriate solving rules, and has good generalization, 

generalization and learning capabilities. 

This study uses an extreme learning machine to complete the modeling. The model can 

reasonably classify data in function, and has better nonlinearity, generalization and fault tolerance 

in performance, which is better than ordinary ANN models. For the identification of risk factors, 

this article refers to the relevant literature on stroke risk factors and the standards of related 

research on the impact of cardiovascular and cerebrovascular diseases [17], through extreme 

learning machine learning modeling, in order to obtain a more complete risk prediction model.  

By scientifically assessing the risk status of stroke, identifying high-risk stroke patients, 

moving the prevention and treatment center of stroke disease forward, and turning passive disease 

treatment into active health management. 

 

Statistical analysis 

The samples of this study are derived from the survey data of stroke patients conducted by China 

National Stoke Registry from 2019 to 2020. The scope of the research object is: residents who are 

16 years old and above, have lived in the local area for more than 5 years, have a clear 

consciousness, and are sick or not sick for the first time. The length of the data set collection is 10 

months, and a total of 4785 valid sample data were collected. The detailed relevant information of 

the data set is shown in Table 1. 



Table1 Dataset description. 

Attribute Type Unit Value 

Age Numerical Years 18-40; 41-54;  

55-69; ≥70 

Gender Nominal None Male=1; Female=0 

Body mass index(BMI) Numerical Kg/m2 [12.7, 68.4] 

Hypertension Nominal None Yes=1; No=0 

Diabetes Nominal None Yes=1; No=0 

History of stroke Nominal None Yes=1; No=0 

Heart disease Nominal None Yes=1; No=0 

History of smoking Nominal None Yes=1; No=0 

History of drinking Nominal None Yes=1; No=0 

Hyper homocysteinemia Nominal None Yes=1; No=0 

Hyperlipemia Nominal None Yes=1; No=0 

High uric acid Nominal None Yes=1; No=0 

Arteriosclerosis/stenosis/occlusion Nominal None Yes=1; No=0 

Systolic blood pressure Numerical mmHg [48, 249] 

Diastolic blood pressure Numerical mmHg [35, 180] 

White blood cell count  Numerical 109/L [0.23, 27.8] 

Total cholesterol  Numerical mmol/L [0.71, 9.4] 

Triglycerides Numerical mmol/L [0.05, 19.7] 

High density lipoprotein Numerical mmol/L [0.27, 3.15] 

Low density lipoprotein Numerical mmol/L [0.11, 8.79] 

Albumin Numerical g/L [28.3, 65.8] 

Homocysteine Numerical umol/L [0.09, 28.74] 

Sodium Numerical mmol/L [89.2, 153.8] 

Potassium Numerical mmol/L [1.74, 6.92] 

Stroke  Nominal None Yes=1; No=0 

 

Among them, there were 3156(65.96%) males and 1629 (34.04%) females, with an average age 

of (63.30 ± 16.60) years. The data set mainly contains the following content: (1) Basic personal 

information (gender, age, heart disease, hypertension, diabetes, smoking history, drinking history, 

Hyper homocysteinemia, Hyperlipemia, High uric acid, BMI, etc.); (2) Physical examination data 

(systolic blood pressure, diastolic blood pressure, etc.); (3) Laboratory examination data 

(triglycerides, total cholesterol, high density lipoprotein, low density lipoprotein, homocysteine, 

white blood cell count, Albumin, Sodium, Potassium, etc). The survey data is based on the 

information obtained during the last survey.  

 

Model construction 

Based on the high-dimensional and nonlinear characteristics of the effective data set obtained after 

preprocessing, this study uses an extreme learning machine to construct a stroke risk prediction 

model. 

Extreme learning machine (ELM) was proposed for training single hidden layer feedforward 

neural networks (SLFNs); it can act as an efficient learning solution for regression problem [18]. 



The essence of ELM is that: unlike the common understanding of learning, the hidden layer of 

SLFNs should not be tuned. Considering N  training data   
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Where 1,...,
T

j j jm
      denotes the vector of the output weights between the hidden layer 

and the output layer, 1,...,
T

j j jn
w w w    is the input weights connecting input nodes with the j th 

hidden node, 
j

b represents the threshold of the j hidden node, and  , ,
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G w b x is the activation 

function (e.g.,      , , 1 1 exp T

j j i j i j
G w b x w x b     ) satisfying ELM universal approximation 

capability theorems. 

To enhance the generalization ability of the traditional SFLNs based on ELM, Huang et al. [19] 

proposed the equality constrained optimization-based ELM. In their approach, structural risk 

considered as the regularization term is introduced. The so-called RELM is capable of regulating 

the proportion of structural risk and empirical risk using the parameter C . The proposed 

constrained optimization can be formulated as  
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Where 
i
 denotes the slack variable of the training sample 

i
x  and C  controls the tradeoff 

between the output weights and the errors. Eq. (2) is similar to the classical optimization problem 
of Support vector machine (SVM), despite the simpler constraints, and it is valid for regression, 
binary, and multiclass cases [20]. Thus, (2) achieves a solution in the closed form  
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     denotes the hidden layer output matrix, I indicates the 

identity matrix and  1,...,
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 . The RELM output function can be further derived as  
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The extreme learning machine is a feed-forward neural network, and the parameter selection 

has an important influence on its prediction effect. Because the multi-hidden-layer model is 

complex and difficult to solve, this study chooses one hidden layer. Based on the Loppmann 

method, the range of the optimal number of neurons in the hidden layer is determined to be [21-22], 

and the number of neurons is adjusted in turn to train the model, and the optimal number of 

neurons is 9. The dependent variable in this study is a binary variable, and the activation functions 

(1) 

(2) 

(3) 

(4) 



are      , , 1 1 expG w b x w x b     , and the prediction accuracy of this model are 

better. The input weight and hidden layer threshold of the network are randomly generated, the 

value range is [-1,1], the ratio of training sample and test sample data is set to 7:3, and the learning 

rate is determined to be 0.9 based on the experience value. 

 

Results 

Aiming at the problems of unstructured data such as electronic medical records and inspection 

results, such as standard irregularities, data missing, data noise, and system deviations, this study 

adopts data preprocessing operations such as data cleaning, integration, and dimensionality 

reduction. By discarding and forcibly replacing the data with many missing values and obviously 

unreasonable, and using the average value to fill in the missing data of continuous variables, and 

using the maximum and minimum method for normalization, 3962 valid data were finally 

obtained. 

In view of the extreme learning machine is a supervised learning algorithm, the An 

assessment matrix is selected as the evaluation standard, and the loop debugging method is used to 

determine the optimal parameter value. 

An assessment matrix [23] is illustrated in Table 2 as an effective measurement method to 

assess the experimental results. In this matrix, the true positive (TP) reveals that the stroke is 

correctly classified, the false negative (FN) means that the stroke is misclassified into non-stroke, 

the false positive (FP) denotes that the non-stroke is misclassified into stroke, and the true 

negative (TN) reveals that the non-stroke are classified accurately. 

TABLE 2. The assessment matrix. 

 

 

Assessment 

Stroke  Non- stroke 

Actual stroke TP FN 

Actual non- stroke FP TN 

The accuracy is indicated by the percentage of correctly identified examples in the total 

number of examined examples, as expressed by Eq. (35).                        

TP TN
Accuracy

TP TN FP FN




  
 

The TPR is the ratio of correctly classified stroke to the total number of actual stroke, as 

defined by Eq. (36).                               

TP
TPR

TP FN



 

The precision is indicated by the proportion of correctly classified stroke to the total number 

of data that are classified as stroke, as expressed in Eq. (37). 

TP
Precision

TP FP



 

The F-measure is the assessment accuracy combining both the precision and TPR, as 

calculated by Eq. (38). 

2* *TPR Precision
F measure

TPR Precision
 


 

Use Python language to build a stroke risk prediction model, and conduct model training and 

(5) 

(6) 

(7) 

(8) 



testing. The results of an assessment matrix are shown in Table 3. The accuracy value of ELM is 

0.97, the TPR value is 0.99, the precision value is 0.94, and the F-measure value is 0.96, as shown 

in Figure 1. The prediction accuracy value of the support vector machines (SVM) and decision 

tree (DT) is moderately, and the prediction value of the logistic regression (LR) is low. The 

experimental results show that the stroke risk prediction model based on ELM has a high accuracy 

rate and can accurately predict stroke population and non-stroke population. 

Table 3 The results of model prediction based on ELM. 

Predicted value Stroke Non-stroke All 

Stroke  508  5 513 

Non-stroke 30 645 675 

All 538 650 1188 

 

Through the analysis of variance and the chi-square test, the features with relatively low 

importance are removed [24], and 10 important features are obtained, as shown in Figure 2. The 

patient's hypertension, stroke history, age, total cholesterol, triglycerides, high density lipoprotein, 

Homocysteine, heart disease, low density lipoprotein, Hyperlipemia are the top 10 significant 

features that cause stroke. According to the different number of features in the dataset, LR, DT, 

SVM and ELM algorithm are combined to predict the risk of stroke respectively, as shown in 

Table 4. 

TABLE 4. The classification results from different kinds of features in dataset. 

Algorithm Accuracy (%) 

All features Top 10 Laboratory features  Physical features Basic features 

LR 71.47 61.85 58.29 50.93 47.24 

SVM 77.63 68.14 64.17 55.08 54.73 

DT 82.75 73.91 67.84 58.49 57.63 

ELM 97.10 87.53 75.29 66.52 64.91 

 

Discussion 

The study provides a one-year clinical data as a basis. The collected data set contains a total of 24 

index parameters including Basic personal information, Physical examination data, and 

Laboratory examination data, which can accurately describe the influencing features of stroke 

populations. When the ELM algorithm is used for prediction, if all the attribute features in the data 

set are used, the prediction accuracy is as high as 97%. When the 10 important features are used 

for prediction, the prediction accuracy is 88%. When using Basic personal information, Physical 

examination data and Laboratory examination data as attributes to predict, the prediction accuracy 

is 75%, 67% and 65% respectively. When LR, DT and SVM algorithms are used for prediction, 

the prediction accuracy will also vary with the number of selected features, as shown in Table 4. 

Our results show that the number of features in the dataset is closely related to the prediction 

accuracy of the model, and a more comprehensive number of features is conducive to obtaining 

accurate prediction results. Among the four machine learning algorithms, when all features are 

used, the prediction accuracy is the highest; when the 10 important features are used, the 

prediction accuracy is also excellent. 

The study uses ELM to predict the risk of stroke. Compared with traditional feedforward neural 

networks, the training speed is slow, the local minimum is easily trapped, and the learning rate is 



sensitive. The ELM algorithm randomly generates the input layer and the hidden layer. The 

connection weight and the threshold value of hidden layer neurons, and there is no need to adjust 

during the training process, only need to set the number of hidden layer neurons, and the only 

optimal solution can be obtained. At the same time, compared with other traditional machine 

learning algorithms, ELM has the advantages of high learning efficiency and strong generalization 

ability. As shown in Figure 1, in accuracy, TPR, precision, F-measure and other parameters, the 

performance of ELM is better than LR, DT and SVM. Our research results show that ELM has 

excellent performance in the construction of stroke risk prediction model. 

The study showed that hypertension, stroke history, age, total cholesterol, triglycerides, high 

density lipoprotein, Homocysteine, heart disease, low density lipoprotein, and Hyperlipemia are 

the 10 important features of the stroke risk, which have important clinical significance. Doctors 

and patients can formulate and optimize diagnosis and treatment plans in a timely manner by 

observing the characteristic values of important features, which is conducive to controlling the risk 

of disease and improving the probability of survival. 

 

Conclusions 

In conclusion, a multi-layer extreme learning machine model for predicting the risk of ischemic 

stroke was constructed, and 10 important features affecting the onset of stroke were screened out. 

This model can quickly and effectively dig out the key features affecting the onset of stroke from 

a large amount of data, and predict the risk of the onset of stroke, which has good practical 

application value. 

  The contributions of this research are as follows: 

(1) The constructed risk prediction model has a high prediction accuracy rate and will provide 

more bases for the scientific diagnosis, treatment and intervention of stroke. 

(2) Improve the identification of stroke risk factors, and identify low-density lipoprotein, total 

cholesterol, blood creatinine, triglycerides, stroke history, etc., as the 10 most important features 

affecting the incidence of stroke. 

(3) Assist doctors in decision-making, pay attention to high-risk groups, detect and prevent 

diseases in time. 
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