

AI BASED STROKE DISEASES PREDICTION
                                                    ABSTRACT

Since stroke disease often causes death or serious disability, active primary prevention and early detection of prognostic symptoms are very important. Stroke diseases can be divided into ischemic stroke and hemorrhagic stroke, and they should be minimized by emergency treatment such as thrombolytic or coagulant administration by type. First, it is essential to detect in real time the precursor symptoms of stroke, which occur differently for each individual, and to provide professional treatment by a medical institution within the proper treatment window. However, prior studies have focused on developing acute treatment or clinical treatment guidelines after the onset of stroke rather than detecting the prognostic symptoms of stroke. In particular, in recent studies, image analysis such as magnetic resonance imaging (MRI) or computed tomography (CT) has mostly been used to detect and predict prognostic symptoms in stroke patients. Not only are these methodologies difficult to diagnose early in real-time, but they also have limitations in terms of a long test time and a high cost of testing. In this paper, we propose a system that can predict and semantically interpret stroke prognostic symptoms based on machine learning using the multi-modal bio-signals of electrocardiogram (ECG) and photoplethysmography (PPG) measured in real-time for the elderly. To predict stroke disease in real-time while walking, we designed and implemented a stroke disease prediction system with an ensemble structure that combines CNN and LSTM. The proposed system considers the convenience of wearing the bio-signal sensors for the elderly, and the bio-signals were collected at a sampling rate of 1,000Hz per second from the three electrodes of the ECG and the index finger for PPG while walking. According to the experimental results, C4.5 decision tree showed a prediction accuracy of 91.56% while RandomForest showed a prediction accuracy of 97.51% during walking by the elderly. In addition, the CNN-LSTM model using raw data of ECG and PPG showed satisfactory prediction accuracy of 99.15%. As a result, the real-time prediction of the elderly stroke patients simultaneously showed high prediction accuracy and performance.
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CHAPTER 1
1.1  INTRODUCTION

Stroke can be categorized into ischemic stroke, in which a blood vessel supplying blood to a part of the brain is blocked, and hemorrhagic stroke, in which a blood vessel bursts. It is a neurological symptom and disease caused by damage to the brain in a particular area. Stroke is considered one of the most serious diseases in modern society as it can cause death in severe cases, while also leading to physical and mental disorders such as hemiparesis, speech impairment (aphasia), ataxia, visual impairment, consciousness impairment, and dementia. According to the 2019 Causes of Death Report released by the World Health Organization (WHO) in December 2020, the top 10 causes of death accounted for 55% of all recorded deaths in 2019 (about 55.4 million people). Among them, 6 million deaths were due to cerebrovascular disease, which was reported to be the second leading cause of death. The United Nations (UN) reported that a country is classified as an aging society when the proportion of its population aged 65 and over in the total population is 7% or more, an aged society when the proportion is 14% or more, and a super-aged society when the proportion is over 20%. As such, the social problems of the aging society are becoming prominent enough that the aging society can be analyzed through segmentation. In addition, according to an analysis report on aging by Moody’s, an international credit rating company, as of 2013, Japan, Germany, Italy, etc. had become super-aged society, wherein the proportion of elderly people is over 20%. It has been reported that by 2030, a whopping 34 countries will have become super-aged societies. The prognosis and health status of patients after stroke vary substantially with age and location of onset. According to a previous study on stroke, more than 66% of total stroke incidence occurred in elderly people 65 years or older. In addition to these social problems, the incidence and mortality of stroke are expected to emerge as important social and economic issues. The diagnosis of stroke, which is represented by cerebrovascular disease, is judged by a medical team’s neurological diagnosis and information on severity. The main methods used for neurological diagnosis in stroke diagnosis are brain MRI and CT, while other studies have reported that bio-signals such as brain waves, muscle, and electrocardiogram can also be used to diagnose and prevent stroke diseases. In addition, ultrasound examination, echocardiography, cerebral angiography, and single photon emission computed tomography (SPECT) are being used to determine the common causes of stroke. Recently, imaging techniques such as CT and MRI have been widely used for stroke diagnosis, but these still have inconveniences in the examination and diagnosis process caused by hypersensitive reactions according to the drug penetration of the contrast agent, radiation exposure, and claustrophobia in a confined space. There may also be errors in the test results, so judgment based on the medical staff’s professional medical knowledge and empirical evidence is considered to be very important. Next, the national institutes of health stroke scale (NIHSS), which is published by the US national institute of health, is used as a research method to prevent recurrence and evaluate early disabilities in stroke patients. Although the NIHSS is the methodology used to evaluate initial impairment in stroke patients, there are still limitations with detecting initial impairment in real-time and difficulty in clinical and psychological analyses. Recent research has shown that many studies have used ECG to predict and prevent stroke diseases through atrial fibrillation, one of the key causes of stroke. Atrial fibrillation (AF) is an independent major risk factor for stroke that often accompanies hypertensive patients, and it is known to increase the risk of cerebral infarction by more than 5 times. A prior study used clinical trials to identify risk factors for stroke diseases, and they reported that these factors included high blood pressure, smoking, obesity, and diabetes. Therefore, there is a need for a way for the elderly to evaluate individual stroke risk factors and detect the possibility of disease early in real-time. To overcome these limitations, studies have recently attempted to predict stroke diseases using statistical or machine learning methodologies considering certain risk factors. However, there is a limitation that these methodologies also provide black-box results for predictive results, thus making them difficult to interpret. For decision tree methodologies, partial analytical approaches can be used with heuristic methodologies, but studies on predictive systems that can cover the methodologies of prior studies while also encompassing the possibility of developing disease and semantic interpretations are currently highly desirable. In this paper, we propose a new system that provides stroke disease prediction and semantic interpretation results for the elderly based on ECG and PPG-based multi-modal bio-signals. The proposed system can instantly detect and predict the prognostic symptoms of stroke disease in the elderly by collecting multi-modal bio-signals in real-time. The participants in this paper were people aged 65 or older, and multi-modal bio-signals of ECG and PPG were collected and stored while these participants were walking. The collected multi-modal bio-signals data are attributes divided by signal waveforms into specific intervals, which are intended to be used to study predictive models in machine learning and make relatively accurate predictive results and semantic interpretations. It was also experimentally verified that deep learning time series analysis models can accurately detect stroke prognostic symptoms by using raw data as is, without using separate attribute extraction and features. The multimodal bio-signals-based disease prediction system for the elderly proposed in this paper can detect and predict in real time the prognostic symptoms of stroke with high mortality and incidence rate. In this paper, we defined and discovered 29 new attributes that were not previously used in ECG and PPG multi-modal bio-signals based studies in machine learning and deep learning techniques. This is a major contribution in that it can be actively used for objective diagnosis and prognostic treatment by providing semantic analysis results to medical staff. It was experimentally verified that the stroke prediction and monitoring system described in this paper can be used for the real-time prediction of prognostic symptoms of stroke disease, as well as in low-cost daily life health care services. The data used in this experiment were the bio-signals of ECG and PPG collected in real-time while elderly people aged 65 years or older were walking. Among the 29 meaningful attributes and various machine learning techniques used, Random Forest showed a prediction accuracy of 98.31%. In addition, the deep learning CNN-LSTM model confirmed a satisfactory prediction accuracy of 99.15%, which means that it simultaneously presented high performance for the stroke diseases prediction system.
1.2 PROBLEM STATEMENT 

Stroke is the second leading cause of death worldwide and remains an important health burden both for the individuals and for the national healthcare systems. Potentially modifiable risk factors for stroke include hypertension, cardiac disease, diabetes, and dysregulation of glucose metabolism, atrial fibrillation, and lifestyle factors. Therefore, the goal of our project is to apply principles of machine learning over large existing data sets to effectively predict the stroke based on potentially modifiable risk factors. Then it intended to develop the application to provide a personalized warning on the basis of each user’s level of stroke risk and a lifestyle correction message about the stroke risk factors.
1.3 STROKE

A stroke is a clinically defined syndrome of rapidly developing symptoms or signs of focal loss of cerebral function with no apparent cause other than that of vascular origin, but the loss of function can at times be global (applied to patients in deep coma and to those with subarachnoid haemorhage). Symptoms last more than 24 h or lead to death/ The syndrome varies in severity from recovery in a day, through incomplete recovery, to severe disability, to death. Whether it is for clinical or epidemiological purposes, the definition has not changed for over 20 years, and there is no reason to change it in the foreseeable future. If the definition depended heavily on technology, such as brain imaging, it would be useless to epidemiologists because the technology may be unavailable in many parts of the world where stroke is a major burden. Even if the technology were available, it may evolve rapidly, so that accurate comparison of the burden of stroke in different places and at different times becomes impossible. Like other clinical syndromes, such as pneumonia or meningitis, stroke is highly heterogeneous, and its numerous causes influence the prognosis, the type of treatment required, and the preventive strategies. For the definition of many of the types and subtypes of stroke, technology is certainly necessary (see page 6). The epidemiology of "all strokes" lumped together is one matter, whereas the epidemiology of the various stroke types and subtypes may be quite another. Ideally, all require study. But, until the quite recent past, most epidemiological studies and clinical trials were based mainly on all strokes, sometimes with separate analysis of the rather distinct clinical syndrome of spontaneous subarachnoid haemorrhage. Even nowadays the most fundamental classification of strokes as primary intracerebral haemorrhage (PICH) or ischaemic stroke may not be practicable because computed tomographic scanning is unavailable. Moreover, even where computed tomography is available, it may be difficult to get scans on all the patients, and quickly enough to exclude PICH, especially in community-based studies.
1.3.1 Concept of Stroke 

Stroke is one of the major diseases associated with death worldwide, and it causes cognitive and functional disorders. A stroke happens when the blood vessels in the brain either become clogged or burst, thus reducing oxygen supply to the brain cells, resulting in necrosis of brain tissue. As cells in the brain die, certain parts of the body lose functionality. This leads to various symptoms such as loss of body coordination, and speech and sensory impairment. Stroke can be categorized into ischemic stroke (cerebral infarction), which is caused by blockages in the blood vessels, and cerebral hemorrhagic stroke (cerebral hemorrhage), which is caused by the rupturing of blood vessels in the brain. Cerebral infarction diseases can be divided into cerebrovascular thrombosis and cerebral embolism. Cerebral thrombosis is a symptom that is caused by blocking blood clots in the brain due to arteriosclerosis or having problems with the inner wall of the blood vessel. While cerebral embolism is a condition caused by blood clots from the heart which blocks the blood vessels bring oxygen and blood to the brain. Next, there are two types of hemorrhagic stroke: intracerebral hemorrhage and subarachnoid hemorrhage. An intracerebral hemorrhage causes weak blood vessels to burst if there is a sudden rise in blood pressure. Brain cells that are supplied oxygen and nutrients by the arteries that have burst in turn become damaged, and the surrounding cells are crushed by the burst blood. Hypertension has been reported to be the main cause of most of these symptoms of intracerebral hemorrhage. Meanwhile, subarachnoid hemorrhage is caused by ruptured intracranial aneurysm irritating the lining of the brain. Subarachnoidal hemorrhage can be divided into spontaneous hemorrhage and traumatic hemorrhage. 80% of subarachnoid hemorrhage is caused by the ruptured cerebral aneurysm, and it is usually suspected when there is subarachnoid hemorrhage. Symptoms of subarachnoid hemorrhage vary from sudden severe headache, severe nausea, vomiting to loss of consciousness. However, the most characteristic symptom is a sudden severe headache unlike anything the person has experienced before. This subarachnoidal hemorrhage injury is reported to be fatal injury that cause death in one-third of patients before they can arrive at a hospital, and only the remaining patients are known to receive treatment. According to Statistics Korea, the total number of deaths in Korea in 2018 was 298,820, with 161,187 for men and 137,633 for women. The causes of death were reported to be 79,153 cases of malignant neoplasm (cancer), 32,004 cases of heart disease, 23,280 cases of pneumonia, and 22,940 cases of cerebrovascular disease. Cerebrovascular disease is the third-highest single disease cause of death, with high mortality rates of 42.7 for men and 46.7 for women per 100,000. Although the death toll from cerebrovascular disease has been declining since 2005, it is still a high-risk disease that ranks third among all single disease causes of death. In particular, for those aged 60 or older, the mortality rate from heart disease and cerebrovascular disease is gradually increasing. Fast detection and treatment are paramount in the early onset of a stroke, as untreated stroke can leave severe aftereffects, such as hemiplegia or even death.
1.3.2 Burden of stroke 

The various facets of the burden of stroke include mortality, incidence, prevalence, long-term outcome, and cost. Death certificate data provide easily available, but not very accurate, information on stroke mortality, obviously omit the milder forms of stroke that are seldom fatal (eg, lacunar stroke), and cannot reliably distinguish even the most basic pathological types of stroke (eg, ischaemic stroke vs PICH). Accuracy can also be compromised by variations in how stroke is recorded and coded, especially if it appears in part two of the death certificate. But at least mortality gives some idea of the burden. Stroke is the third commonest cause of death after coronary heart disease and all cancers, not only in developed countries, but world wide. Stroke incidence, based on representative community samples, provides far more detail on stroke burden in populations than does mortality. However, communitybased studies require considerable resources and rigorous methods, and it is difficult to be sure that all the cases have been found and accurately diagnosed. Also, sample sizes have nowhere been all that large, which makes comparisons of incidence by time and place imprecise. Moreover, incidence has been studied reliably only in various white populations, among whom it is more or less similar (about two first-ever-in-a-lifetime strokes per 1000 per annum overall, about four in people aged 45-84), except in Russia, where the incidence seems to be high and in France where it is low. The prevalence of stroke survivors in a community depends on both incidence and case-fatality, which are not influenced by the same factors. Thus, for any interesting variations by time or place to be related to likely explanations, information on incidence is still needed. Also, prevalent cases are more biased by underrepresentation of fatal cases than are incident cases in, for example, case-control studies. Furthermore, prevalence is tiresome and cumbersome to measure, because it requires a large population to be surveyed for all strokes in the past, with inevitable difficulty in knowing whether a stroke has really occurred and what type it was. Prevalence can of course be estimated from incidence and case-fatality, in which case incidence has to be measured in the first place. Finally, measurement of the prevalence of stroke-related disability, which is of obvious interest to health-care planners, is all but impossible because of overlapping disabilities caused by disorders such as osteoarthritis, claudication, and dementia. In practice the prevalence of overall disability is probably of more relevance, anyway, than is prevalence of specific disabilities. The long-term outcome after stroke can be measured in several ways, with various degrees of accuracy. 1 Overall, about 20% of patients having their first strokes are dead in a month (early case-fatality), and of those alive at 6 months about a third are dependent on others for activities of daily living. But these averages conceal huge individual variations, which depend not just on stroke type and subtype but on several other features, including initial stroke severity and pre-stroke disability. The stroke-recurrence rate is about 5% per annum, but tends to be higher in the first few weeks and months, especially if the stroke is due to severe carotid stenosis. 1'4 Also, because stroke survivors usually have vascular disease affecting all their arterial systems and not just the cerebral circulation, they are at high risk of serious coronary events--about 3% per annum. Although the cost of stroke is clearly an important public health and indeed political issue, it is very difficult to assess because it depends so much on exactly what is included. In Scotland the cost of each stroke to the National Heath Service in 1988 was about £6000, but this estimate did not include anything other than hospital and some family-doctor costs? Add in community, social service, and family costs plus the indirect cost of loss of productivity, and the total may be more like £70 000, at least in the USA at 1990 prices. 6 Yet more complexities arise when the cost of looking after a stroke patient is not entirely due to the stroke itself; there can be confounding with non-stroke dementia, non-stroke mobility problems such as arthritis, and other non-stroke causes of disability and dependency.

1.3.3 Problem of stroke heterogeneity 

Because most observational epidemiological studies of stroke, as well as randomised trials in stroke prevention, have perforce had to lump all strokes together, important differences in not just outcome and appropriate treatment policies, but also in cause, may have been obscured in specific stroke subtypes. After all, the cause of an intracerebral haemorrhage is in general unlikely to be the same as the cause of an ischaemic stroke (although there are rare exceptions, such as cerebral vasculitis). Likewise, the cause of atheroma affecting the cerebral circulation is surely different from the cause of carotid dissection in the young, yet both cause ischaemic stroke. Increasingly, therefore, epidemiology is following clinical practice, and as well as considering all strokes together as the necessary first step, divides them into the three principal pathological types (ischaemic stroke, PICH, and subarachnoid haemorrhage), and then into various subtypes (such as ischaemic stroke caused by intracranial small-vessel disease, large-vessel atheroma, and embolism from the heart). The trouble with this approach of "splitting" strokes into various subtypes is that it depends so much on diagnostic skills and technology that will not be available everywhere. Furthermore, there are constant arguments about appropriate diagnostic criteria.

1.3.4 Stroke Prediction Using Traditional Techniques 

Successful research has been conducted to monitor the conditions of stroke patients and discover major risk factors for stroke. This knowledge can be used to prevent the recurrence of stroke and assess patient stroke severity. As methods of assessing stroke patients’ severity, the European Stroke Scale, the Canadian Neurologic Scale, and the National Institutes of Health Stroke Scale (NIHSS) have been published since the Mathew scale was first published in 1972. Of these, the NIHSS is widely used around the world and has been proven in terms of reliability and validity. The NIHSS scale consists of 14 items: level of consciousness; examination; vision; facial paralysis; upper and lower extremities; impaired limbs, senses, and speech; oral disorders; neglect; and distal movement. It takes about 6.6 min for a patient to be measured on the NIHSS. A modified NIHSS that quantitatively evaluates post-stroke disorders and simplifies the measurement process, particularly in the early stages of hospitalization. While these NIHSSs can comprehensively assess the severity of disability resulting from stroke, they cannot be used for the early detection of stroke, as they do not provide accurate predictions. A stroke prediction model for Koreans was developed by Jee et al.; this model can determine the risk of stroke occurrence for 10 years based on health examination data from the National Health Insurance Service (NHIS), including age, diabetes, hypertension, smoking, total cholesterol, exercise, body mass index, and drinking volume. However, that study has limitations similar to those of the Framingham heart study model, as the same method was used to create the stroke risk prediction model. The main issue with these models is that they do not take into account some major risk factors of stroke and death causes other than stroke, i.e., competing risk. From the onset of a stroke, patients must receive professional treatment within three hours. In this three-hour period, the type of stroke (ischemic stroke or hemorrhagic stroke) and the severity of the stroke need to be determined to administer the right treatment. Therefore, in order to accurately detect and predict these factors during daily life, it is necessary to not only apply PHR and EMR, but also to analyze information regarding patterns and bio-signals in daily life from a healthcare device. In other studies, major risk factors for stroke were identified through prior studies and clinical trials, and these risk factors were reported to include smoking, hypertension, systolic blood pressure, diabetes, and obesity . In other words, stroke is more likely to be caused by the interaction of various risk factors rather than any one factor. Thus, a new methodology is emerging that can assess the risk factors of each individual to predict stroke early. Based on these risk factors, research was conducted with various statistical methods such as a logistic model, Cox’s proportional risk model, and the Weibull model. However, these risk-based advanced studies are not appropriate for predicting the risk of stroke in Koreans. There is a particular need to find a new model that can be used to predict stroke risk for Korean elderly people. The onset of a stroke can be sudden, and it is reported to be nine times more likely for a stroke to reoccur than it is to occur in those with no history of stroke. In addition, clinical studies have reported that stroke recurrence rates vary depending on the type of stroke, the race of the person, and various risk factors, but within one year, stroke generally has a recurrence rate of 10–15%. It is therefore important to quickly detect and predict the initial outbreak of stroke as well as possible recurrence in people with prior stroke history. Clinical studies have indicated that initial changes in physiological variables are potential therapeutic targets for stroke. The correlation between a patient’s physiological variables 48 h after the stroke and the result of stroke severity after three months was reported by Zhang et al. That team used regression techniques to build algorithms that could predict the results of three months in early physiological data and showed 71% test accuracy with the statistical characteristics of physiological data alone. In particular, it was reported that the trend pattern of physiological time series data had an important meaning in the initial treatment of acute ischemic stroke patients. Chien et al. performed a cohort study of adults in Taiwan regarding the risk of stroke in 10 years. That study proposed a prediction method using the Cox model based on clinical and biochemical models as well as net screening and integrated screening assessment statistics. That model gives important weight to each attribute based on patient-specific health examinations and historical data. The study revealed various major stroke prediction factors, such as age, gender, systolic blood pressure, relaxation blood pressure, family stroke status, atrial fibrillation, and diabetes. Song et al. showed the link between ischemic and hemorrhagic stroke incidence during sleep in the general public. Sleep was divided into three classes: less than six hours of sleep, six to eight hours of sleep, and eight hours of sleep or more; ischemic and hemorrhagic strokes were then observed for two years. According to the analysis results, women over the age of 65 reported a higher incidence of hemorrhagic stroke during longer sleep periods of more than eight hours.
1.4 ARTIFICIAL INTELLIGENCE (AI)

AI is a unique field of study within computer science, including a range of computer algorithms and approaches that allow machines to simulate human intelligence. The goals of AI include learning from experience, understanding language, making decisions, and solving problems. Machine learning is a subset of AI that enables computers to learn to solve novel problems using data-driven rules derived directly from large data sets without being precisely programmed by humans. However, conventional machine learning techniques are limited in their ability to process large volumes of unstructured data, such as data from medical imaging or electronic medical records. Deep learning is the newest wave in machine learning and has brought about revolutionary advances in AI. Neural networks are the foundation of deep learning, including recurrent neural network and convolution neural network (CNN). Deep learning can solve extremely challenging tasks by training deep neural networks, which has the advantages for image classification, natural language processing, or drug discovery.
1.5 USING AI TO PREDICT STROKE RISK AND OUTCOME

The application of AI technology in the assessment of stroke risk can achieve favorable results. Previous research showed that AI algorithms can be used for early diagnosis of atrial fibrillation using normal sinus rhythm electrocardiographs, which allows for early intervention to reduce stroke risk.3 At present, AI algorithms have been used to screen high-risk populations for stroke risk. For patients with atrial fibrillation, Han et al4 applied machine learning to develop a classification model for predicting short-term probabilities of stroke, which had better predictive properties than the traditional CHA2DS2-VASc score (CNN: area under the curve [AUC]=0.702; CHA2DS2-VASc: AUC=0.524). CNNs can provide insight into the feature engineering process of the neural network and interpret the risk predictions in the context of deep CNN features. Lekadir et al5 showed the potential of using CNNs for automatic characterization of carotid plaque composition (lipid core, fibrous cap, and calcium) in ultrasound, which is correlated with risk stratification in ischemic stroke. Machine learning has been used to predict outcomes in patients with acute ischemic stroke. A deep neural network model trained with 6 variables from the Acute Stroke Registry and Analysis of Lausanne score was able to predict 3-month modified Rankin Scale score better than the traditional Acute Stroke Registry and Analysis of Lausanne score (AUC, 0.888 versus 0.839; P<0.001). Machine learning can be widely applied to predicting clinical outcome before reperfusion therapy, which is expected to support the selection of mechanical thrombectomy. In a retrospective cohort of patients with anterior circulation large vessel occlusions who were treated with mechanical thrombectomy, machine learning models (support vector machine: AUC, 0.89±0.01, random forests: AUC, 0.87±0.01) had significantly better performance than previous prediction scores, including the Totaled Health Risks in Vascular Events score (AUC, 0.81±0.00), the Houston Intra-Arterial Therapy score (AUC, 0.80±0.00), the Houston Intra-Arterial Therapy 2 score (AUC, 0.82±0.00), the Pittsburgh Response to Endovascular Therapy score (AUC, 0.83±0.00), and the Stroke Prognostication Using Age and National Institutes of Health Stroke Scale index (AUC, 0.80±0.00). Machine learning and deep learning algorithms are generally more efficient and accurate for outcome prediction compared with traditional statistical inference. In the future, AI-based prediction models should focus on the integration of diverse medical data such as electronic medical records, biomedical imaging, proteomics, genomics, and metabolomics.

[image: image1.png]‘))‘

Hoatn rcorse o
Cranal T VRIMRA

Cardiac examination
Genomics.
Prossomcs

© Mobaomes

. KGaoost
. GeoT
o
RN





Development, validation, and applications of artificial intelligence technology for stroke care
1.6 Artificial Intelligence-Based Stroke Disease Prediction System Using EMG 

In this paper, we propose a new AI-based stroke disease system using EMG bio-signals from everyday life as shown in Figure 1. The first module executes offline processing and includes the functions of machine learning and the deep learning-based learning model generation and manageme of EMG data. The second module performs an online processing function as well as early detection and prediction of stroke based on EMG bio-signals collected in real-time from everyday life. In the offline module, the EMG bio-signals data measured in real-time during daily walking is updated in the repository according to the cycle set by the system. Preprocessing of the collected EMG bio-signals is performed, and a learning model is generated using machine learning and deep learning algorithms. Attribute subset selection from the preprocessed EMG is used to generate learning models with machine learning algorithms for early detection and prediction of stroke diseases. Machine learning LSTM-based learning models are developed and sent for online processing to the second module before being used in real-time stroke predictions. The online module measures and collects real-time EMG bio-signals in daily life at the request of the system or user. The “preprocessing and normalization” block removes missing or incomplete data from the collected EMG data. As the minimum and the maximum values are different for each attribute, a normalization process is performed depending on the measurement unit. In the attribute subset selection block, the prediction accuracy and the analysis speed are improved by selecting the EMG attribute subset defined in this paper. In addition, it is possible to guarantee optimal performance of the predicted model learned and provide analytical information. The ‘Real-Time Stroke Prediction’ block is mounted with pre-trained machine learning and LSTM-based prediction models. Real-time prediction and semantic analysis based on machine learning are performed using the selected EMG optimal attributes subset. At this time, the deep-learning LSTM model implements early detection and prediction of stroke in real-time based on EMG bio-signals that went through preprocessing blocks.
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Overall structural diagram of AI-based stroke disease prediction system using EMG bio-signals
These predictions and semantic analysis information are then transmitted to the medical staff or hospital. Finally, based on the medical doctor’s diagnosis for the risk of stroke, the patients are provided assistance with receiving medical examinations and treatment services with emergency alarms and quick hospital visits as appropriate.
1.7 AI-based Stroke Classification 

Currently, many deep learning-based studies use CT or MRI images to detect stroke. For example, in a study classifying hemorrhagic stroke and ischemic stroke using brain CT images, Gautam et al. achieved a classifier performance of up to 98.77%. Kalchbrenner et al. demonstrated that their proposed 13-layer CNN model showed better performance in comparative experiments with AlexNet and ResNET50. Chin et al. applied data augmentation to CT images of ischemic stroke patients to expand the number of patch images, used them as input to CNN models to detect ischemic stroke, and obtained more than 90% accuracy. Liu et al. proposed a Res-CNN model that automatically classifies acute ischemic stroke in MRIs. The Res-CNN model solved the performance degradation problem using the residual unit, and it improved the model performance through data expansion. Dourado et al. presented a CT image classification IoT framework applied with a CNN to classify ischemic stroke and hemorrhagic stroke. In that same framework, they further experimented with machine learning methods like Bayesian, MLP, k-nearest neighbor, random forest, and support vector machines (SVM) by applying the various machine learning concept, and they validated the model with 100% accuracy. They reported that training and testing times of 0.015 s and 0.001 s, respectively, when using the Bayesian Classifier, can be classified as ischemic stroke and hemorrhagic stroke with high accuracy in a short time. Beyond images, various biological signals have also been used to predict stroke diseases. For example, Yu et al. proposed a pre-detection and prediction method for machine learning and deep learning-based stroke diseases that measure the electrical activities of thighs and calves with EMG biological signal sensors, which can easily be used to acquire data during daily activities. They experimentally verified an accuracy of more than 90% using real-time collected data. Through these experiments, that study demonstrated a novel method that can verify stroke disease with high accuracy based on the pre-symptoms of stroke, body falling, and the degrees of both leg muscles. In another study, Xie et al. proposed CNN-based DenseNet for stroke disease classification and prediction based on ECG data collected using 12 leads, and they obtained 99.99% training accuracy and 85.82% testing accuracy using fine-tuned models for the correlation between stroke and ECG. However, they used other biological signals that are not closely related to the brain. Thus, there is a need for studies using brain waves with AI. Fawaz et al. conducted a study to expand data using techniques such as conditional general adversarial network (CGAN) to address the lack of data in stroke patients, and to classify EEG in stroke patients through the LSTM encoding process and the frequency mapping phase for loss functions. The proposed model uses frequency properties, and its performance is compared with those of the typical deep learning models of feed forward, CNN, bidirectional LSTM, and CNN-bidirectional LSTM as baseline models. The model proposed in that study achieved a high accuracy of 90.5% for classifying stroke patients. In a different study, Guntari et al. classified poststroke EEG signals using RNN and genetic algorithms (GA). The stroke data used in Zhang et al. were extracted using wavelet, and the initial 215,040 data points were reduced to 29,160 on 14 channels containing power values; this reduced the figures time from 80 s to 50 s, and an experimental accuracy of 90.0% was obtained. Giri et al. conducted a stroke identification study based on EEG signals and electrooculography (EOG) signals using 1D CNN and batch normalization. The collected data consisted of the relative values, correlation aspects, variance, spectral mean, entropy, kurtosis, and fractal indices of brain waves through feature extraction steps, and an F-Score of 86.1% was ultimately obtained.

1.8 REAL-TIME STROKE DISEASE PREDICTION SYSTEM BASED ON MULTIPLE BIO-SIGNALS FROM ECG AND PPG

 In this paper, we propose a system for monitoring stroke disease and health among the elderly based on multimodal bio-signals of ECG and PPG collected in real-time. The proposed system extracts attributes based on the peak values of waveforms from raw data of ECG and PPG, then applies a machine learning algorithm to predict the prognostic symptoms of stroke in the elderly in real-time. In addition, the raw data of ECG and PPG are applied to the deep learning model to accurately predict the prognostic symptoms of stroke disease in real-time. The structure of the proposed system includes: 

· A bio-signal sensor measurement and transmission module that collects bio-signals such as ECG and PPG in real-time; 

· A module that collects, stores, and transmits multimodal bio-signals generated in real-time to a server; 

· A module for extracting and updating important attributes based on stored bio-signals such as ECG and PPG; 

· A module for learning based on a machine learning algorithm using property information for each bio-signals as well as a deep learning model using raw data; and 

· A visualization module that provides the stroke prognostic symptoms and prediction results of the elderly to medical staff or spouses. 

In other words, the proposed system stores and manages meaningful attributes through measurement, collection, and preprocessing functions for each multimodal bio-signal among ECG and PPG from the elderly and general elderly suffering from stroke. It was also designed to predict and analyze stroke prognostic symptoms in real-time by applying machine learning and preprocessing raw data-based deep learning models using the attributes of each bio-signal.
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1.8.1 REAL-TIME ECG AND PPG BIO-SIGNALS COLLECTION 

In this study, various biological signals have been measured and collected to verify the performance of systems that provide AI-based prognostic and predictive information for older stroke diseases. The collected bio-signals data includes ECG, EEG, PPG, EMG, and motion. This section describes in detail the real-time measurement and collection process. In this study, among the bio-signals measured and collected, EEG and PPG were used in experiments for a performance verification of a system that can predict stroke disease. It has been reported through previous studies that abnormalities in the autonomic nerves and sympathetic nerves appear during the precursor symptoms of stroke or the onset of a stroke. There are many difficulties in accurately predicting stroke symptoms using only a single bio-signal. In this study, important characteristic values were extracted from two types of multimodal bio-signals: ECG, which can confirm the rate and consistency of heartbeat, PPG, which checks the blood volume that changes with contraction and relaxation of the heart. We propose to use a feature that combines two bio-signals to accurately predict stroke prognostic symptoms and onset. The ECG measurement method is largely divided into standard 12-lead ECG and chest guidance depending on the location of attachment, and standard 12-lead ECG can be further divided into bipolar standard guidance and unipolar extremity guidance. In this study, the ECGs of elderly stroke patients and general elderly were precisely measured and collected using the chest guidance method. The three electrode attachment positions of the ECG used in the experiments in this paper. The PPG bio-signals measured and collected in this paper were stored in real-time by fixing the sensors to the left and right index fingers of the subject. These EEG and PPG bio-signals were collected from subjects aged 65 years or older from 2017 to 2018 at the emergency medical center and department of rehabilitation medicine at Chungnam National University Hospital, Republic of Korea. The subjects were patients who had been diagnosed with a stroke within one month at Chungnam National University Hospital and who were receiving treatment at the Department of Neurology and Rehabilitation Medicine, Chungnam National University. Subject candidates consisting of stroke patients and normal elderly people were primarily selected by the medical staff. Among the candidates, the subjects determined to be stroke were secondarily verified by the neurologist faculty. In addition to ECG and PPG bio-signals from the subject, the experimental protocol was designed to simultaneously collect various bio-signals data through sensors such as EEG, EMG, motion, and foot pressure. In this study, the equipment ‘‘Biopac’’ was used to measure and collect various bio-signals. The synchronization of ECG and PPG raw data was performed by medical staff and they directly monitored and verified the data. 
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PPG bio-signal measurement and collection
The attached bio-signals sensors were checked for normal operation the first time, after which various bio-signals were collected 5 times. Finally, for ECG and PPG bio-signals, 1,000 raw data were measured and collected each second at a sampling rate of 1,000 Hz.
1.8.2 AI-BASED STROKE PREDICTION MODULE USING MULTIMODAL BIO-SIGNALS OF ECG AND PPG 

The system for providing information about stroke prognostic and prediction information for the elderly using multimodal bio-signals of ECG and PPG measured in real-time consisted of an offline module and an online module. First, offline submodules extract preprocessing and important features on raw data from ECGs and PPGs were collected and stored from all subjects. Using feature values through preprocessing, various machine learning and deep learning algorithms were trained to generate prediction models for stroke diseases and provide semantic interpretation information. The online module then provided prognostic and predictive information on stroke in the elderly with multimodal bio-signals and feature values of ECG and PPGs collected in real-time. The offline module in consists of a total of five sub-blocks. The first block at the bottom left stores various bio-signals that can be measured in the elderly during daily activities. In addition to ECG and PPG, this block measures, collects, and stores bio-signals such as EEG, EMG, and motion. In the second block, the ECG collected based on three electrodes and the PPG signal, which is collected using the linear relationship between the blood volume changing with the contraction and relaxation of the heart and the amount of light absorbed by hemoglobin in the blood, are pre-processed. The temporarily unmeasured null values are deleted from the raw data values of ECG and PPG, and the remaining data are normalized using the Z-score method. The third subblock extracts and stores features for machine learning from preprocessed raw data, and it creates and stores a trained predictive model. In the fourth block, prediction and analysis of stroke patients and normal elderly people are performed using machine learning methods based on features extracted by ECG and PPG bio-signals. That is, disease prediction and analysis through machine learning methods are sequentially used and processed from the first block to the fourth block. In the fifth block, the deep learning-based stroke prediction model is trained with the preprocessed raw data of ECG and PPG, and this provides the real-time prediction of stroke. In this block, using raw data for each ECG and PPG biosignal, a deep learning-based prediction model is created, and the model is saved in the form of a meta file. 
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AI-based stroke disease prediction module using multimodal bio-signals
The online module consists of a total of four sub-blocks. The first sub-block collects real-time ECG and PPG biosignal data from walking in the daily life of the elderly and stores it. The second sub-block deletes null values from the collected raw data of ECG and PPG, then stores and manages the values applied with the normalization process using Z-score normalization. In the third sub-block, important sections are separated from the raw data of ECG and PPG, and feature values for each bio-signal are extracted from the separated section information. In the fourth block, real-time stroke disease prediction is executed using machine learning and deep learning models with the feature values and raw data extracted from the previous block. The online module can obtain stroke disease prediction results and analysis information of the elderly by using the multimodal bio-signals of EEG and PPG collected in real-time. As a result, the proposed stroke disease prediction results and analysis information can be used as objective data for medical diagnosis and subsequent treatment by medical staff.
CHAPTER 2
LITERATURE SURVEY

1. “EPIDEMIOLOGY OF STROKE” C. P. WARLOW, 
A stroke is a clinically defined syndrome of rapidly developing symptoms or signs of focal loss of cerebral function with no apparent cause other than that of vascular origin, but the loss of function can at times be global (applied to patients in deep coma and to those with subarachnoid haemorhage). Symptoms last more than 24 h or lead to death/ The syndrome varies in severity from recovery in a day, through incomplete recovery, to severe disability, to death. Whether it is for clinical or epidemiological purposes, the definition has not changed for over 20 years, and there is no reason to change it in the foreseeable future. If the definition depended heavily on technology, such as brain imaging, it would be useless to epidemiologists because the technology may be unavailable in many parts of the world where stroke is a major burden. Even if the technology were available, it may evolve rapidly, so that accurate comparison of the burden of stroke in different places and at different times becomes impossible. Like other clinical syndromes, such as pneumonia or meningitis, stroke is highly heterogeneous, and its numerous causes influence the prognosis, the type of treatment required, and the preventive strategies. For the definition of many of the types and subtypes of stroke, technology is certainly necessary If 80% or so of strokes are ischaemic9 and if the vast majority of those ischaemic strokes are due to degenerative vascular disease, as are the vast majority of myocardial infarctions, it is odd that there is such a quantitative, if not qualitative~ difference in their important risk factors. Compared with myocardial infarction, stroke patients are at least 10 years older, there is not such a male excess in middle age, and increasing blood pressure is more strongly, and increasing plasma cholesterol is less strongly, associated with stroke. This difference is all the more surprising since about a third of patients with ischaemic stroke already have clinical manifestations of coronary-heart disease, such as angina or a past myocardial infarct,  Part of the reason is presumably that so many epidemiological studies have lumped all strokes together, thus weakening causal associations with ischaemic stroke if they are not also associations with haemorrhagic stroke. However, this explanation cannot be the whole story because most strokes are ischaemic. Furthermore, although about a fifth of ischaemic strokes are probably due to intracranial small-vessel disease, whose pathological features are different from those of atheroma, the risk factors are very similar, 2~ so these risk factors should be similar in myocardial infarction, where atheroma is by far the most common underlying vascular abnormality. Good stroke epidemiology can commonly be improved by combining it with excellent clinical and diagnostic skills so that in observational and experimental epidemiological studies what is called a stroke really is a stroke, and the different types of stroke can be studied separately. There is a real need for accurate comparisons of stroke incidence, in total and more importantly by subtype, in different parts of the world, especially in different racial groups, to identify differences that may provide aetiological clues. No doubt new risk factors will emerge, some of which will turn out to be on the causal pathway. Genetic risk factors are already emerging but have not yet led to any really new insights into stroke prevention.
2. “DIAGNOSIS AND MANAGEMENT OF ACUTE ISCHEMIC STROKE: SPEED IS CRITICAL” T. D. MUSUKA, S. B. WILTON, M. TRABOULSI, AND M. D. HILL, 
The lifetime risk of overt stroke is estimated at one in four by age 80 years, and the lifetime risk of silent or covert stroke is likely closer to 100%. Stroke affects men and women equally and causes major social and economic burdens to society, with direct costs above $3 billion annually in Canada. Acute stroke and acute coronary syndromes have many similarities. Here, we review the diagnosis and management of acute ischemic stroke and compare its treatment with that of acute coronary syndrome, to help illustrate how the rapid relief of arterial occlusion and restoration of normal blood flow can save lives and prevent disability. Stroke is a syndrome. Broadly, there are two types of stroke, either ischemic (in 85% of cases) or hemorrhagic (in 15%). Hemorrhagic strokes are divided equally into intracerebral hemorrhage and atraumatic subarachnoid hemorrhage. The older terms “cerebrovascular accident” and “reversible ischemic neurologic deficit” are not meaningful and should no longer be used. The severity of ischemic stroke ranges from clinically mild or transient (termed a minor stroke or transient ischemic attack) to very severe (termed major ischemic stroke), but the underlying causes are identical. The distinction between transient ischemic attack and ischemic stroke is no more than one of severity; therefore, it is not useful to think of these two entities in separate categories. Arterial occlusion in ischemic stroke is most commonly embolic: either cardioembolic, from causes such as atrial fibrillation or valvular heart disease, or arteroembolic, from atherosclerotic disease in the extracranial cervical carotid or vertebral artery. Plaque rupture in the extracranial cervical arteries with thrombus formation is thought to be mechanistically identical with the same process in the coronary arteries, but most commonly results in distal embolization of thrombus to the brain (arteroembolism), rather than in situ vessel occlusion. There is increasing recognition that acute coronary syndromes may involve arteroembolic mechanisms of occlusion of distal coronary arteries, exactly analogous to ischemic stroke caused by arteroembolism from the extracranial carotid artery. Intrinsic small-vessel disease is inferred in a quarter of ischemic strokes, but a good understanding of the mechanism is lacking because these arteries are too small to be reliably imaged in vivo during an acute stroke event. In studies of small-vessel strokes, pathologic examination has suggested that microatheroma with plaque rupture was the most common cause of occlusion, followed by microembolism. Stroke registries in which the mechanism has been prospectively identified show that for as many as one-quarter of patients, no clear cause of the stroke is identified. Many of these strokes have imaging characteristics supporting an embolic mechanism; hence, they are labelled as embolic stroke of undetermined source (widely known as ESUS).9 Less common causes of both ischemic stroke and acute coronary syndromes include arterial dissection, vasospasm, vasculitis and hypercoagulable states. Half or more of all ischemic strokes are classified as transient ischemic attack or minor stroke, and most of these patients are not offered thrombolysis because their symptoms are not judged to be disabling. These cases must be managed aggressively to prevent progression to major stroke and to prevent early recurrent major stroke. This means same-day diagnostic work-up to establish whether carotid artery atherosclerotic disease or atrial fibrillation are implicated, which would necessitate cause-specific therapy with carotid revascularization or anticoagulation, respectively.
3.“PREDICTION OF FUNCTIONAL OUTCOME AFTER STROKE: COMPARISON OF THE ORPINGTON PROGNOSTIC SCALE AND THE NIH STROKE SCALE” S.-M. LAI, P. W. DUNCAN, AND J. KEIGHLEY,
Stroke is heterogeneous in type and severity. To characterize probabilities of outcomes and plan for discharge, we need a stroke scale that is able to ascertain the precise nature of stroke-related impairment and to characterize severity. A good stroke scale identifies neurological impairments and is quantified so that the patient’s progress can be objectively monitored. It should provide a logical basis for treatment and predict future functional outcomes. Previous researchers have demonstrated that impairments are strongly associated with functional outcomes, but they only partially explain stroke-related disability. Nevertheless, a baseline stroke impairment scale can be used to assess stroke severity and to adequately predict functional outcome. Several impairment scales are available for clinical practice and research. The National Institutes of Health (NIH) Stroke Scale is probably the most frequently used measure of stroke impairment. This stroke-specific scale has been widely used in clinical trials to measure baseline severity or progress associated with investigational therapies.5–8 A recent study by Muir et al9 shows that baseline NIH Stroke Scale predicts 3-month outcomes (alive at home, alive in care, or dead). Individuals who scored greater than  on the NIH Stroke Scale had very poor functional outcomes (alive in care or death) compared with those who scored 13 or less. The Orpington Prognostic Scale,10 which is modified from the Edinburgh score,11 is a simple stroke impairment scale, but it is not as well known or as commonly used as the NIH Stroke Scale. When assessed at 2 weeks after stroke, the Orpington score was shown by Kalra and Crome10 to be a useful indicator for 14-week poststroke activities of daily living (ADL) scores and discharge disposition. The Orpington Prognostic Scale and the NIH Stroke Scale are impairment level measures that are strongly correlated. However, the Orpington Prognostic Scale has a slightly higher predictive ability compared with that of the NIH Stroke Scale. The Orpington Prognostic Score explained more of the variance in basic ADL and higher level physical functions at 1, 3, and 6 months after stroke. When the level of impairment on the Orpington Prognostic Scale was categorized as minor, moderate, or major, the predictive ability on functional outcome remained. The NIH Stroke Scale requires scoring of a greater number of aspects of neurological function, and it takes more than 10 minutes to complete the assessment. Also, because of the complexity of the NIH Stroke Scale, it is more likely to have missing items. Because of its additional assessment of a greater number of aspects of neurological function, in many cases such as aphasic patients the NIH Stroke Scale was not able to be used in 5 patients, resulting in incomplete evaluation of the patients. Conversely, all data items were ascertained for all stroke patients when the Orpington Prognostic Scale was used. One limitation of our study is that the majority of our stroke subjects have mild to moderate stroke. By design, our study cohort did not have equal representation of severe strokes. Only 7% of our patients had an NIH Stroke Scale score of greater than 13, and 12% of the same cohort was categorized as major stroke by the Orpington Prognostic Scale. Therefore, the generalizability of the predictive value of the Orpington Prognostic Scale and the NIH Stroke Scale in this study may be limited to mild and moderate strokes.
4.“ATRIAL FIBRILLATION AND STROKE: CONCEPTS AND CONTROVERSIES” R. G. HART AND J. L. HALPERIN, 
Atrial fibrillation (AF) is the commonest cardiac rhythm disorder worldwide, affecting 1% of the general population. It is estimated that up to 16 million people in the US will suffer from the arrhythmia by 2050. AF is an independent stroke risk factor and associated with more severe strokes. For six decades, warfarin has been the only truly effective therapy to protect against stroke for patients with atrial fibrillation. Despite the proven worth of warfarin, its limitations have seen reluctance amongst physicians and patients to utilise this efficacious agent. This has meant that substantial numbers of patients are either unprotected against stroke or suboptimally protected with antiplatelet therapy. Contemporary well-validated stroke risk factor schemes (CHA2DS2-VASc) now permit rapid but comprehensive evaluation of a patient’s risk for thromboembolism, allowing better identification of low-risk patients who do not require antithrombotic therapy, and whilst for those with 
 stroke risk factors require formal oral anticoagulation. Aspirin has been proven to be inferior to anticoagulation, and is not free of bleeding risk. We also have simple scores to easily evaluate a patient’s risk of haemorrhage (e.g. HAS-BLED). The emergence of new oral anticoagulants should further improve stroke prevention in AF, and they successfully negotiate many of the hurdles to oral anticoagulation generated by warfarin’s limitations.
 These increases are being driven by the ageing population and the increased survival of patients from both acute and chronic cardiac disorders which predispose to AF; the presence of AF in patients with underlying cardiac disease is associated with worse outcomes. AF is found in roughly 5% of acute medical admissions  and the increased risk of morbidity and mortality associated with AF leads to a heavy public health burden and increased healthcare costs. AF leads to a prothrombotic state which predisposes to stroke, the most devastating and most common complication of thromboembolism. AF is an independent risk factor for stroke and held responsible for 25% of all strokes. The presence of AF increases the risk of stroke five-fold , and is also a risk factor for stroke recurrence. As well as increasing the likelihood of a stroke occurring, AF is also associated with more severe strokes . Patients with AF who suffer a stroke are more likely to die, spend longer in hospital, are more likely to be discharged to a nursing home placement and have a greater level of disability. The last decade has been an intensive period of research in AF which has finally seen the emergence of novel oral anticoagulants to complement and compete with warfarin. There has also been evidence to highlight the limitations of aspirin as thromboprophylaxis in AF, and improved risk stratification schemata to allow for the identification of patients truly at low-risk for thromboembolism and simple assessment of the bleeding risk. These advancements should combine to reduce the variability of management in AF stroke prevention and lead to more patients receiving anticoagulation to protect them against thromboembolism. The new agents, although overcoming many of warfarin’s limitations, will present their own set of challenges and considerations as they are incorporated into clinical practice. Bleeding is the most feared adverse effect associated with anticoagulation. Many of the risk factors for bleeding are also risk factors for thromboembolism, so the limiting effect of bleeding risk on the prescription of antithrombotics means a number of patients are untreated despite clear indications for anticoagulation. The new drugs may eliminate the need for an initial twodrug regimen as they reach maximal effect within a few hours. The does responses are predictable and they have not been shown to have numerous significant drug or dietary interactions. None of these drugs require routine monitoring of coagulation.
5. “PROBABILITY OF STROKE: A RISK PROFILE FROM THE FRAMINGHAM STUDY” P. A. WOLF, R. B. D’AGOSTINO, A. J. BELANGER, AND W. B. KANNEL, 
A health risk appraisal function has been developed for the prediction of stroke using the Framingham Study cohort. The stroke risk factors included in the profile are age, systolic blood pressure, the use of antihypertensive therapy, diabetes mellitus, cigarette smoking, prior cardiovascular disease (coronary heart disease, cardiac failure, or intermittent claudication), atrial fibrillation, and left ventricular hypertrophy by electrocardiogram. Based on 472 stroke events occurring during 10 years' follow-up from biennial examinations 9 and 14, stroke probabilities were computed using the Cox proportional hazards model for each sex based on a point system. On the basis of the risk factors in the profile, which can be readily determined on routine physical examination in a physician's office, stroke risk can be estimated. An individual's risk can be related to the average risk of stroke for persons of the same age and sex. The information that one's risk of stroke is several times higher than average may provide the impetus for risk factor modification. It may also help to identify persons at substantially increased stroke risk resulting from borderline levels of multiple risk factors such as those with mild or borderline hypertension and facilitate multifactorial risk factor modification. In the face of an elderly population of increasing size, stroke is likely to be responsible for even greater disability and death. Epidemiologic study has identi- fied key risk factors for stroke and has provided an estimate of the relative impact of these factors. Using data collected over 36 years of follow-up in the general population sample at Framingham, Mass., a stroke risk profile or health risk appraisal function has been developed. This profile contains a number of ingredients not available at the time of the previ- ous stroke risk handbook, which was based on 16 years of follow-up.1 The inclusion of previously diag- nosed cardiovascular disease (coronary heart disease [includes history of myocardial infarction, angina pectoris, and coronary insufficiency], cardiac failure, and intermittent claudication), atrial fibrillation, and left ventricular hypertrophy by electrocardiogram as ingredients in the profile has improved the efficiency of the risk prediction and gives a more realistic assessment of the importance of the stroke risk factors. Key to the usefulness of determining the likelihood of stroke by means of a risk profile is evidence that modification of several potent risk factors will reduce stroke probability. Epidemiologic study and clinical trial results have shown that reduction of elevated blood pressure and cessation of cigarette smoking can reduce stroke incidence. Warfarin (and perhaps aspirin) therapy in persons with atrial fibrillation, reversal of left ventricular hypertrophy by electrocar- diogram, and treatment of cardiac failure and coro- nary heart disease may also effect a reduction in stroke incidence. The presence of prior cardiovascular dis- ease, atrial fibrillation, and left ventricular hypertro- phy by electrocardiogram are the other ingredients in the risk profile. Definitions of these risk factors have been reported.2 Definite hypertension was present if the blood pressure was > 160/95 mm Hg, normal blood pressure was that < 140/90 mm Hg, and bor- derline or mild hypertension were represented by blood pressure levels in between. Active surveillance for stroke has been under way for 25 years as part of a comprehensive study of stroke precursors, stroke subtype, and outcome. The Cox proportional hazards regression model was used as the model for the stroke profile.3 In the past, the logistic regression model was employed.14 Like the logistic model, the Cox model provides a simple formula for estimating the probabilities of stroke for specified levels of the risk factors. Its added advantage is that it permits the computation of stroke probabilities for variable lengths of follow-up, whereas the logistic model allows estimation for only a prespecified length of follow-up Based on information collected by a physician during the course of taking a comprehensive med- ical history and conducting a physical examination, plus a laboratory examination that includes an electrocardiogram, the probability of stroke may be determined using a point system. The stroke risk profile provides the framework for identification of those individuals at sufficiently increased risk of stroke to wan-ant vigorous risk factor management.
2.1 EXISTING SYSTEM

· The existing RNN is a kind of ANN wherein information persists inside the neural network, and it has been used for image caption generation, automatic translation, etc.
· This method is said to have performed better when compared to the existing algorithms. This particular research is limited to very few types of strokes and cannot be used for any new stroke type in the future.
· The flexibility and ease of use of the random forest algorithm coupled with its consistency in producing good results, even with minimal tuning of the hyper- parameters makes this algorithm valuable in this application. The possibilities of over-fitting are limited by the number of trees existent in the forest.

· We observed that most of the existing features in the EHR dataset are highly correlated to each other, and therefore do not add any additional information to the original feature space.

· As a first important step to gaining trust, tools should comply with existing data protection requirements and be transparent as to how outcomes and recommendations are derived.
2.1.1 Disadvantages of existing system

· The Res-CNN model solved the performance degradation problem using the residual unit, and it improved the model performance through data expansion.
· However, RNN has the disadvantage of its learning ability gradually decreasing due to the reduction in its slope when the distance between information grows, i.e., when the length of the input sequence increases.

· Understanding the hyperparameters is critical since there are relatively few of them, to begin with. Overfitting is a well-known problem in machine learning, although it occurs seldom with the arbitrary random forest classifier. 
· The classification problems are addressed with LR, and the regression problems are addressed using linear regression.
· To identify the better machine learning techniques used to predict stroke, which will also help to understand and resolve the problem in more effective ways.

· It is wise to choose one among them based on the necessity of the individual problem statement.

· To overcome this issue, they used an L1 regularised feature selection algorithm, to prune the features before applying conservative mean features selection for fine-tuning.

· Stroke is a prominent cause of disability in adults and the elderly, resulting in a slew of social and financial issues.
2.2 PROPOSED SYSTEM
· This proposed deep learning-based stroke disease prediction model was developed and trained with data collected from real-time EEG sensors.
· In this paper, we propose a system that enables the early detection and prediction of stroke disease based on deep learning using EEG raw data, power values, and relative values.

· They proposed a robust machine learning system that can potentially optimise the selection process for endovascular versus medical treatment in the management of acute stroke.

· They proposed a novel automatic feature selection algorithm that selects robust features based on their proposed conservative mean.
· A significant subject of AI in medication is utilized in this project. A machine learning model would take the patients information and propose a bunch of suitable Expectation.
2.2.1 Advantages of proposed system

· Due to these advantages, 24-h EEG measurements are considered a useful, low-cost method for monitoring stroke disease with high recurrence rates in daily life.

· CNNs can reduce computation volume through the use of basically shared parameters, and they have the advantage of mitigating overfitting.

· Moreover, CNNs are increasingly being used to research and develop models by extracting the optimal properties to improve classification and prediction performance.
· However, to improve the predictive accuracy and performance of realtime predictive models of stroke disease, analysis and predictive models should be studied by integrating health examination data and CT analysis information in a clinical setting.

· However, they realised that this feature selection algorithm may not work well in other datasets with highly correlated features as it evaluated the performance of each feature individually.

· It was observed that Neural networks performance had more accuracy when compared with other two classification techniques.

· The performance evaluation metrices were accuracy, Area Under RoC Curve (AUC), sensitivity, specificity, positive predictive value and negative predictive value.

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6

RESULT AND DISCUSSION 
We provide semantic analysis and interpretation of stroke disease in the elderly based on the C4.5 Decision Tree algorithm, which is a representative classification and prediction model of data mining and machine learning. The C4.5 decision tree algorithm is a white-box approach, and it enables semantic interpretation by analyzing the rules for the operation principle for the prediction of stroke disease in the elderly in detail. Semantic analysis was conducted based on the experimental results using the optimal subset selection method that only involved 12 attributes, as listed of Section VI.B. There were 287 normal and 287 stroke elderly patients, respectively, and raw data were obtained by dividing bio-signals for each subject in units of 5 seconds.
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The C4.5 decision tree for stroke prediction based on 12 attributes of ECG and PPG (19 rules)
A data set was constructed by repeating data extraction a total of 5 times for each subject. Data including noise values or missing values were deleted through verification by the medical staff. In this study, 2,520 data instances were extracted for each normal and stroke elderly patients classes. A predictive model was trained by using 2,016 instances randomly selected by 80% of data instances for each class, and the test was conducted with the remaining 504 data instances that did not participate in training. that the C4.5 decision tree algorithm confirmed the prediction accuracy of 91.08% and a stable performance of 91.10% in recall and precision. the decision tree used to predict stroke disease in the elderly with only 12 attributes. When constructing a decision tree, normal and stroke elderly patients can be accurately classified and predicted using only 12 of the 29 attributes defined in this system (see Table 1). Here, the numerical values in the leaf node are models trained only with the learning data of the normal elderly and stroke patients, 80% of which are randomly extracted. The number of leaf nodes means the number correctly predicted by the classifier and the number misclassified. The accuracy of the training model of the C4.5 decision tree was 91.76%. Only eight of the 12 attributes {ECG_S_peak, ECG_R_peak, ECG_Q_R, ECG_R_S, ECG_RRI, PPG_R_b_peak, PPG_L_b_peak, and ECG_PR_width} were used in the generated decision tree as shown in Figure 7. Nineteen rules can be obtained from Figure 7, and each rule is listed and semantically analyzed in detail in Table 10. Among the attributes of ECG and PPG bio-signals, the S_peak value of ECG is the most important attribute, and it is located at the top node of the decision tree. ECG_R_peak and ECG_R_S are also very significant attributes for predicting stroke. In generating a stroke disease prediction model using multi-modal bio-signals of ECG and PPG, the results verified that accuracy prediction is possible even when using only eight out of 12 attributes (six ECG attributes and two PPG attributes). According to Rule 4 of Table 10, when the S_peak value of the ECG is small but the Q_R value is 0.03ms or more, the probability of predicting a stroke patient is analyzed to be high. This is used by medical staff to determine abnormalities in cardiovascular disease. It is consistent with the occurrence of symptoms of Q_R being irregular or longer than that of normal elderly. According to Rule 6, the RRI value of ECG above 0.852ms is also associated with a slower and irregular heart rate than normal elderly, which is suspected to be bradyarrhythmia or cardiovascular disease. These symptoms are interpreted to be caused by abnormalities of the autonomic nerves and sympathetic nerves due to pre-stroke, and they can be reflected in the RRI values of the ECG and PPG bio-signals measured in real-time. As a result, the prediction accuracy of 91.08% of stroke prognostic symptoms in the elderly was verified using only 19 rules. In addition, as presented, the utilization value of services in hospitals and medical institutions is high due to the rule-based semantic interpretation.
CHAPTER-7

CONCLUSION
CONCLUSION
In this paper, we propose a system that provides the semantic analysis of diseases in the elderly using multiple biological signals of ECG and PPG collected from walking during the daily life of the elderly. The proposed system collects multiple bio-signals of ECG and PPG in real-time, and it can immediately detect and predict prognostic symptoms of stroke disease in the elderly. A machine learning-based prediction model study was performed using multiple biosignal data, which involves dividing the signal waveform into specific sections, and relatively accurate prediction results and semantic interpretations were obtained using this model. In this paper, using the proposed attributes, it was experimentally verified that the prognostic symptoms of stroke patients can be accurately predicted by more than 90% based solely on ECG and PPG collected while walking. To summarize the experimental and verification results, we confirmed that we can accurately predict 91.56% C4.5 Decision Tree, 97.51% RandomForest, and 99.15% CNN-LSTM models for deep learning, by separating stroke and general elderly into 10-folder CV datasets. The system proposed in this paper has great academic value in that it can accurately predict the prognostic symptoms and onset of stroke by measuring ECG and PPG at low cost which can be worn with little inconvenience during daily life. Various bio-signal data collected in daily life can provide objective interpretation information to stroke patients or medical staff with a high recurrence rate. The experimental results verified that this method can be used for practical healthcare services which reduce the aftereffects of stroke and prevent emergency situations through constant monitoring. In future studies, we will conduct in-depth analysis and predictive experiments of stroke disease by analyzing various bio-signals such as EEG, EMG, foot pressure, and motion, as well as electronic medical records (EMRs) and MRI image information.
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