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Abstract: There are 13000 community clinics in Bangladesh to resolve rural people's health problems. The 

people in the rural area of our country have been affected by various common diseases, and these diseases are not 

properly diagnosed due to a lack of modern technologies. In this context, the risk of uncertainty in health 

management and treatment is not at a controllable level. Modern technology like Cyber-Physical systems (CPS) 

based health care can be considered an effective data collection, processing, and prediction tool for rural medical 

infrastructure to resolve the complexity of different diseases. In this paper, a CPS-based health care architecture is 

proposed. In addition, a methodology is suggested to process the real-time data for further taking the strategical 

decision in a very special way using different machine learning algorithms. A heart disease-related case study is 

considered to understand the proposed method clearly in practical application. Because of this, a heart disease 

dataset is collected from Kaggle resources. Using this dataset, different machine learning classifiers are used to 

develop a heart disease prediction model. The different classifier models associated with Random Forest (RF), K-

Nearest Neighbors (K-NN), Naive Bayes (NB), Adaptive Boosting (AdB), Decision Tree Classifier (DTC), and 

Binomial Logistic Regression (BLR) are used. The results obtained from the prediction model are in good 

agreement with the experimental results, and accuracy is about 87% for the classifiers DTC. In comparing other 

available state-of-art models, the proposed model exhibits better efficiency in predicting future decision-making. 

Among the classifiers, DTC shows 87% accuracy for predicting heart disease. Using this Model diagnosis will be 

faster, correct, and help patients predict heart disease. When compared to other state-of-the-art models, our model 

outperforms them. 

Keywords: heart disease, cyber-physical system, community clinics, classifier algorithm, decision trees. 

使用機器學習分類器的基於網絡物理系統的社區診所心髒病預測模型 

摘要: 孟加拉國有 13000 個社區診所，用於解決農村人口的健康問題。我國農村地區的

人們受到各種常見疾病的影響，由於缺乏現代技術，這些疾病沒有得到正確的診斷。在此背

景下，健康管理和治療的不確定性風險並未處於可控水平。為了解決不同類型疾病的複雜性

，基於信息物理系統的醫療保健等現代技術可以被視為農村醫療基礎設施的有效數據收集、

處理和預測工具。在本文中，提出了一種基於的醫療保健架構。除此之外，建議使用一種方
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法來處理實時數據，以便使用不同的機器學習算法以非常寶貴的方式進一步做出戰略決策。

心髒病相關的案例研究被認為可以在實際應用中清楚地理解所提出的方法。因此，心髒病數

據集是從 卡格尔資源中收集的。使用這個數據集，不同的機器學習分類器被用來開發心髒病

的預測模型。使用與隨機森林、最近鄰、樸素貝葉斯、自適應增強、決策樹分類器和二項式

邏輯回歸相關的不同分類器模型.從預測模型獲得的結果與實驗結果非常吻合，分類器的準確

率約為 87%。與其他可用的最先進模型相比，所提出的模型在預測未來決策方面表現出更好

的效率。在分類器中，顯示預測心髒病的準確率為 87%。使用此模型診斷將更快、更準確，

並將幫助患者預測心髒病。與其他最先進的模型相比，我們的模型優於它們。 

关键词： 心臟疾病, 网络物理系统, 社区诊所, 分類器算法, 決策樹。 

 
 

1. Introduction 
The cyber-physical system is an emerging 

technology in which integration of the dynamic 

physical world and the cyber world is attributed. 

Physical processes in the physical world are monitored 

and controlled by embedded computers and networks 

through a feedback loop. The idea is to integrate 

intelligence of everyday life using objects to execute 

critical tasks in CPS. Where physical processes affect 

the cyber process, and cyber process affects the 

physical process. Sensors must capture numerous data 

types from the real world—captured data transmitted to 

the cyber world for processing and analysis [1]. 

Because the physical world is dynamic and complex, 

the difference between the physical world and the 

cyber world leads to many challenges in the 

development of CPS. Network, heterogeneous, and 

availability are most of them [2]. 

The structure Model of CPS is divided into three 

segments: the physical layer, information system layer, 

and user segment [3].  

• The physical system layer encompasses many 

sensor networks, embedded smart chips, etc. The role 

of a physical system is collecting and transmitting 

information and signals. As a result, it serves as the 

foundation of the CPS. 

• The role of the information system segment is 

processing and transmitting data acquired from the 

physical system. 

• The role of the user layer mainly completes the 

work like data query and safety that should be 

guaranteed to all CPS users. 

CPS applications have many advantages, including 

interoperability with cloud computing and WSNs, the 

interaction between human and system, dealing with 

certainty, better system performance, scalability, 

autonomy, flexibility, optimization, and faster response 

time. 

Social life can be improved by using the intelligence 

of the Cyber-Physical system. When CPS is used in the 

medical sector, it is called Medical Cyber-Physical 

System (MCPS). In the area of cyber-physical systems 

(CPS), the solution to improve health care services was 

pointed out as a powerful solution [4]. , the traditional 

clinical scenarios are closed-loop systems [5], which 

include controls for the caregiver, medical devices, and 

physical plants, which serve as sensors and actuators. 

As a distinct CPS class, Medical Cyber-Physical 

Systems (MCPS) modify this scenario by introducing 

other computational entities to help the caregiver 

control the system by supporting the decision [6]. 

MCPS is a context-aware and life-critical system that 

focus on patient safety, which requires rigorous 

validation processes to ensure compliance with the 

user's requirements and specified accuracy. 

Bangladesh is a South Asian country that is poor 

and densely populated. The population is increasing 

day by day. More than 70% of the people are a farmer 

and live in rural areas. They suffer from various 

diseases like family planning treatment, blood pressure, 

heart disease, etc. That is why the government of 

Bangladesh took the initiative in 1998 for Community 

Clinics (CC) in rural areas, added to the health sector 

of Bangladesh for primary, integrated healthcare [7]. 

The initiative was closed for political reasons and 

revitalized in 2009 by the Government of Bangladesh, 

which has established more than 13000 community 

clinics in rural areas. Each community clinic covers 

around 6,000 villages, especially women [8]. 

The establishment of a CC in the country is a 

revolutionary initiative to provide basic healthcare 

delivery to reach the doorstep to people within half an 

hour's walk. Community clinics are truly helpful for 

rural people. Community people donate land for 

infrastructure and are involved in the management 

process. Community people maintain security. Health 

is the major factor in human life. In Bangladesh, the 



88 

 

 

health system relies on Government [9]. Community 

clinics operate across Bangladesh and are designed to 

provide a range of critical, basic health and family 

planning services to the people. One thousand four 

hundred trained healthcare providers are delivering 

critical primary healthcare. Awareness is necessary for 

rural people [10].  

Heart disease is the number 1 cause of death, and 

about 80% of deaths occur in low-and middle-income 

countries for heart disease. It is almost equal for men 

and women. Reduction of oxygen and blood supply in 

the heart leads to heart disease. If these trends are 

continued till 2030, an estimated death will be 23.6 

million people from heart disease [11]. Good health is 

the prerequisite for living a longer, active, stress-free 

life. Besides, life is dependent on the component 

functioning of the heart because the heart is a major 

organ of the human body. Heart disease has remained 

the leading cause of death globally for the last 20 years. 

Heart disease now represents 16 % of deaths from 

all causes [12]. Death event describes the rate of death 

and survival of patients. Prediction of death events of 

heart diseases in the medical field is a major concern 

nowadays. A huge amount of heart disease patient-

related data can be useful for predicting the occurrence 

of death events. Recently computer technology and 

machine learning techniques have developed software 

to assist doctors in deciding heart disease early. 

Clinical and pathological data is useful for the 

diagnosis of heart disease. Specifically, the 

cardiovascular breakdown happens when the heart is 

incapable of siphoning enough blood to the body, and it 

is generally brought about by diabetes, hypertension, or 

other heart conditions or illnesses [13]. 

Artificial Intelligence (AI) applied to clinical 

records, specifically, can be a powerful device both to 

foresee the endurance of every patient having 

cardiovascular breakdown indications [14], 

furthermore, to identify the main clinical highlights (or 

danger factors) that may prompt cardiovascular 

breakdown [15]. Researchers can exploit AI not just for 

the clinical forecast, yet also for highlight positioning 

[16]. In particular, computational insight is 

advantageous when applied to clinical records or 

combined with imaging. This paper introduces a noble 

work for predicting heart disease events using heart 

disease symptoms applying different machine learning 

algorithms. 

In this paper, we have discussed a CPS-based 

community clinic for collecting real-time data and 

showing a prediction model of heart disease by 

analyzing the dataset using the decision tree classifier. 

We used a dataset collected from the Kaggle platform 

for the data analysis. 

The rest of the paper is organized as follows. We 

discuss the literature study in section 1. In section 2, 

the proposed architecture is stated. The methodology is 

stated in section 3. The experimental result analysis is 

shown in part 4. Finally, we completed the paper in 

section 5. 

 

 

2. Literature Review 

CPS is a new trend in our country. In every sector, 

researchers are trying to include the concept. Many 

types of research have been done using cyber-physical 

systems in the healthcare field worldwide. Especially 

CPS-based community clinic system or any research 

work has not been done in Bangladesh. In [17], the 

authors proposed a cost-efficient fog computing MCPS. 

The limitation of this paper is that no data are analyzed 

using machine learning models. In [18], the authors 

presented a system to capture images of medical to 

store data in the cloud. However, data is not explained 

to provide the result automatically. A therapy system 

using CPS is established [19]. 

However, more works have been done on the 

medical dataset like ECG, heart disease, etc. Recently, 

many data mining and machine learning algorithms in 

medical sectors have been performed related to disease 

prediction systems. [20] developed a heart disease 

prediction method using different classifiers. 

FCBF, PSO, and ACO outperform other classifiers 

based on performance matrices. The authors focused on 

predicting chronic disease using different data mining 

techniques on historical health records [21]. The 

support vector machine (SVM) gives the highest 

accuracy rate from this experiment. The prediction of 

the chance of having heart disease is recommended 

using data mining techniques for early automatic 

diagnosis of the disease within the result in a short time 

[22]. It uses different medical attributes such as heart 

rate, blood sugar, age, and sex to predict if a person has 

heart disease or not. In the paper [23], Sharmila et al. 

proposed nonlinear classifiers for heart disease 

prediction. 

Big data tools like Hadoop Distributed File System 

(HDFS), Map-reduce, and SVM are proposed to 

predict heart disease with an optimized attribute set. 

Only two papers have been published using the utilized 

dataset from the Kaggle platform. Ahmed et al. [24] 

described this dataset. They explained a case study. 

Authors [25] approached a machine learning model on 

the two parameters only of the dataset. The authors [26] 

used a random forest model for another dataset to 

predict heart failure. Chen et al. [27] did the feature 

analysis on another dataset using a support vector 

machine and got 75.26% accuracy.  

There are 11 parameters to cause the heart attack in 

the analyzed dataset. Table 1 shows the value of a 

normal range of parameters of the dataset which causes 

the heart attack. 
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Table 1 Normal range of heart disease’s parameters 

Parameter of risk 

factor 

Standard range 

Age Below 40 years 

Anemia 10.0–11.5 g/dl 

Creatine 

phosphokinase 

(CPK) 

10-120 mcg/L, or micrograms per 

liter 

 

Ejection fraction 50% to 70% 

Serum creatinine 0.6–1.1 mg/dL in ladies and 

teenagers matured 16 and more 

established 

0.8–1.3 mg/dL in men and young 

people matured 16 and more 

seasoned 

0.2 or more in newborn children, 

Serum sodium 135 to 145 milliequivalents per 

liter (mEq/L) 

Platelets 150,000 to 450,000 platelets per 

microliter 

High blood pressure 

(HBP) 

90/60mmHg -120/80mmHg 

Diabetes >7.8 mmol/L 

Smoking Male, Female 

Sex Men, Women 

 

3. Proposed Architecture 
Detailed block diagram of CPS-based architecture in 

future shows in Fig. 1. There are a few components in 

this architecture. 

• Community Clinic: This is the primary component 

or starting point in this process. The patient will come 

to the community clinic, and data will be collected 

through various sensors such as mechanical, electrical, 

optical, and chemical sensors. 

• Data collection tools: Collecting data from body to 

machine using sensors in community clinic patients are 

coming mostly pregnant women, chest pain and fever 

patients. Our architecture will predict heart diseases 

using ECG sensors and transfer them to the cloud using 

Wi-Fi, ZigBee, etc. 

• Algorithm for analysis, design, processing, and 

synthesis: Getting data from sensors needs analysis. We 

will use machine learning classifiers or deep learning 

models. 

• Tools and techniques: After analyzing, we will get 

a result sent to clinics or patients' mobile devices using 

Wi-Fi or ZigBee protocols. 

• Output device: Smart mobile laptop with a 

connectivity. 

 
Fig. 1 Proposed architecture 

 

4. Proposed Methodology 

In this section, we represent the methodology of our 

proposed model. Fig. 2 illustrates the detailed block 

diagram of our methodology. 

This diagram shows that data will be collected in 

two ways from community clinics by health 

professionals. One way is through IoT, wearable 

devices, and smart devices automatically using 

wearable sensors in the patient's body, and the other is 

through the web and other devices and sent to cloud 

servers. Collected data will be merged and organized for 

processing. Data will be analyzed according to desire-

related attributes to get output. The whole system will 

be tested in different ways. Training can be started when 

the test is completed—training for health professionals 

and users for the final dataset model. 

We analyzed a heart disease dataset collected from 

the Kaggle platform as a case study. The following 

section predicted the heart disease and analyzed the 

dataset using machine learning models. 

 

4.1. Dataset Description 

The used dataset in our methodology is taken from 

the Kaggle platform. The dataset consists of 12 columns 

and 299 rows. The columns represent the feature and 

the target variable. The feature variables are age, 

anemia, CPK, diabetes, ejection fraction, high blood 

pressure, platelets, serum creatinine, serum sodium, 

smoking, and sex. Heart disease is the target variable of 

the data set. The dataset contains 299 heart failure 

patients [28]. That is why we utilized supervised 

machine learning algorithms for finding heart disease 

cases. 

 
Fig. 2 Block diagram of proposed methodology 

 

4.2. Exploratory Data Analysis 

First, we import our data set, and then we get a clear 

concept of the data set using the EDA step. EDA alludes 

to the basic cycle of performing starting examinations 

on data to find patterns, spot anomalies, test the theory, 



90 

 

 

and check presumptions with the assistance of outline 

insights and graphical portrayals. After applying EDA, 

we get noise-free and error-free data as data has only 

floated integer values, and no variable column has 

null/missing values. 

 

4.3. Test-Train Splitting 

In the experiment, we split the data set into two 

categories: 90% of the data for training and 10% for 

testing. This is called test-train splitting. 

 

 

4.4. Machine Learning Classifiers 

In our approach, we simulate all the proposed seven 

classifiers on heart disease patient data sets to predict 

patients' heart disease and hence find some interesting 

results, which we present in our next section. 

 
Fig. 3 Accuracy measurement of different classifiers 

 

4.5. Comparison Accuracy 

Fig. 3 represents the accuracy of the classifiers for 

our given data set. Here, DTC is also the first choice, 

showing 87% accuracy for predicting actual classes. 

SVM has 80%, which could be the second choice for 

this classification. K-NN [29] and BLR tie in 77% 

accuracy. Moreover, RF and NB have the same 

accuracy of 73%, and finally, Ada Boost shows the 

worst accuracy, only 63%. 

 

5. Experimental Result Analysis 
In this section, we present the analysis and 

comparison of the classifiers.  

 

5.1. Performance Criteria 

In the output step, we get the final result 

performance of all executed machine learning models. 

By coding our proposed model, we can exam the 

results. We can observe the detailed accuracy of running 

all stated models in this part. We measured accuracy, 

precision, recall, and f1-score. Moreover, we also 

measured the weighted and macro average of the scores 

for each classifier. These terms are obtained from the 

confusion matrix. An N × N matrix is used to evaluate a 

classification model's performance, where N is the 

number of target classes [30]. The matrix compares the 

actual target values with those predicted by the machine 

learning model. This gives us a view of how our 

classification model performs and what kinds of errors 

it is making. A general sight of the confusion matrix is 

shown in Table 2. 

 
Table 2 Confusion matrix 

 Predicted 

Yes 

Predicted No 

Actual Yes TP FN 

Actual No FP TN 

 

True Positive (TP): The number of positive events or 

cases of a data set that are correctly predicted is denoted 

as TP.  

True Negative (TN): The number of negative events 

or cases of a data set that are correctly predicted is 

denoted as TN.  

False Negative (FP): FP measures positive cases 

predicted incorrectly as negative. 

False Positive (FN): FN measures negative cases 

predicted incorrectly as positive. 

Accuracy: Accuracy is the measure of correctly 

classified data set cases. It is expressed mathematically 

in equation 1. 

          
     

           
              

Precision (P): P is the ratio of correctly predicted 

positive cases to the total positive cases. High precision 

relates to the low false-positive rate. It is a measure of 

the exactness of a classifier. It is defined mathematically 

in equation 2. 

  
  

     
                     

Recall (R): R is the ratio of correctly predicted 

positive cases to all predicted positive cases of a 

classifier. It is a measure of the completeness of a 

classifier. R is defined mathematically in equation 3. 

  
  

     
                              

F1-Score: It is the weighted average of Precision and 

Recall. F1 is usually more useful than accuracy when 

uneven class distribution in the data set. It is shown 

mathematically in equation 4. 

         
       

   
             

Weighted Average (WA): It is the weighted average 

of the sum of all classes' scores (Precision / Recall/ F1- 

score) after multiplying their respective class 

proportion. For example, the equation of WA for 

precision is shown in equation 5.  

    
         

   
             

 
              

Here, PClass_i is the Precision of class i, DClass_i is 

the size of the data set of class i, and D is the total size 

of the data set. 
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Macro Average (MA): The mean average of a 

classifier's scores (Precision / Recall / F1-score). For 

example, the equation of MA for precision is shown in 

equation 14.  

     
         

   
   

 
                       

PClass_i is the precision of class i, and N is the 

number of classes of a data set. 

 

5.2. Result Analysis 

This section presents the detailed results and 

analysis of all the classifiers. Table 3 represents the 

different score values of the classifiers for their 

corresponding classes. Here, class 0 represents the event 

of non-heart disease patients, and class 1 is the event of 

a patient's heart disease. For an imbalanced data set, 

only precision and recall could not summarize the 

performance of a classifier. Therefore, f1-score is also 

introduced here. The table shows that DTC shows the 

overall best results of all measurement scores 

(precision, recall, f1-score) for all classes. However, for 

class 0, SVM and K-NN show 100% value for recall. 

Besides, SVM gives 80% and 89%, whereas K-NN has 

76% and 86% for precision and f1-score, respectively. 

On the other hand, for class 1, DTC also 

outperforms other classifiers. However, K-NN gives 

100% for precision only for the same class. In contrast, 

SVM, NM, and K-NN perform worst for the class, 

respectively. 

 
Table 3 Results of scores of different classifiers 

Classifiers Class 
Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Ada Boost 
0 0.84 0.67 0.74 

1 0.27 0.50 0.35 

BLR 
0 0.84 0.88 0.86 

1 0.40 0.33 0.44 

NB 
0 0.79 0.92 0.95 

1 0.00 0.00 0.00 

K-NN 
0 0.76 1.00 0.86 

1 1.00 0.12 0.22 

RF 
0 0.83 0.83 0.83 

1 0.33 0.33 0.33 

SVM 
0 0.80 1.00 0.89 

1 0.00 0.00 0.00 

DTC 
0 0.92 0.92 0.92 

1 0.67 0.67 0.67 

 

For more clarity, we have presented the macro and 

weighted average of the scores for all the classifiers in 

Table 4. From the table, we can see that DTC performs 

the best for both matrices. Although the average 

matrices of precision for K-NN are higher than DTC, it 

could not reach DTC for other scores. Hence, we can 

conclude that DTC is best among all classifiers for all 

performance matrices. 

 
Table 4 Result of the weighted and macro average of scores of 

different classifiers 

Classifier 
Precision Recall F1-Score 

MA WA MA WA MA WA 

Ada Boost 0.56 0.73 0.58 0.63 0.55 0.67 

BLR 0.62 0.75 0.60 0.77 0.61 0.76 

NB 0.39 0.63 0.46 0.73 0.42 0.68 

K-NN 0.88 0.82 0.56 0.77 0.54 0.69 

RF 0.58 0.73 0.58 0.73 0.58 0.73 

SVM 0.40 0.64 0.50 0.80 0.44 0.71 

DTC 0.79 0.87 0.79 0.87 0.79 0.87 

 

6. Conclusion 
This paper discussed the CPS-based community 

clinic of Bangladesh. A CPS-based system is proposed 

for collecting real-time values from the community 

clinic using various sensors for rural medical 

infrastructure. Finally, real-time data and data collected 

from various sources like the web and hospitals are 

merged. After all, this data is analyzed using machine 

learning models. We analyzed a heart disease dataset 

collected from Kaggle resource as a case study. In this 

dataset, different machine learning algorithms have 

been carried out to predict the occurrence of heart 

disease. Among them, the decision tree algorithm has 

given an accuracy of 87 %. Also, the SVM model 

provided 80% as performance metrics among other 

executed models. We accomplished this research to 

analyze the heart failure medical record dataset of 105 

women and 194 male patients. We predicted the rate of 

heart disease in affected and non-affected patients using 

11 heart failure symptoms, including age, anemia, CPK, 

diabetes, ejection fraction, high blood pressure, 

platelets, serum creatinine, serum sodium, smoking, and 

sex. Some limitations are: no infrastructure in the 

community clinic, connectivity is a big problem for data 

sending to the cloud server—training required for 

community clinic staff. 

 

References 
[1] NILANJAN, D., ASHOUR, A.S., and SHI, F. Medical 

cyber-physical systems: A survey. Journal of medical 

systems, 2018, 42(4): 1-13. 

[2] HU, L., XIE, N., and KUANG, Z. Review of cyber-

physical system architecture. 2012 IEEE 15th international 

symposium on object/component/service-oriented real-time 

distributed computing workshops, 2012: 25-30. 

[3] AHMAD, T., MUNIR, A., and BHATTI, S.H. Survival 

analysis of heart failure patients: A case study. PLoS ONE, 

2017, 12(7). 

[4] CHICCO, D., and JURMAN, G. Machine learning can 

predict survival of patients with heart failure from serum 

creatinine and ejection fraction alone. BMC Medical 

Informatics and Decision Making, 2020, 20(16). 

[5] MIAO, F., CAI, Y., and ZHANG, Y. Predictive 

Modeling of Hospital Mortality for Patients with Heart 

Failure by Using an Improved Random Survival Forest. 

IEEE Access, 2018, 6: 7244-7253. 

[6] CHEN, C., LO, Y., and HUANG, J. Feature analysis on 

heart failure classes and associated medications. 2016 IEEE 

International Conference on Systems, Man, and Cybernetics 



92 

 

 

(SMC), Budapest, 2016: 001382-001387. 

[7] ISLAM, K. Community Clinic-Combining Care and 

Empowering Community: A Story to Share from 

Bangladesh. International Journal of Integrated Care, 2017, 

17(5). 

[8] RIAZ, B.K. Community clinics in Bangladesh: A unique 

example of public-private partnership. Heliyon, 2020, 6(5). 

[9] ISLAM, A., and TUHIN, B. Health system in 

Bangladesh: Challenges and opportunities. American 

Journal of Health Research, 2014, 2(6): 366-374. 

[10] SANNI, Y., BISHWAJIT, G., and 

EKHOLUENETALE, M. Awareness and utilization of 

community clinic services among women in rural areas in 

Bangladesh: a cross-sectional study. PloS ONE, 2017, 

12(10). 

[11] CHAURASIA, V., and SAURABH, P. Data mining 

approach to detect heart diseases. International Journal of 

Advanced Computer Science and Information Technology 

(IJACSIT), 2014, l 2: 56-66. 

[12] HAQUE, S.A., AZIZ, S.M., and RAHMAN, M. Review 

of Cyber-Physical System in Healthcare. International 

Journal of Distributed Sensor Networks, 2014. 

[13] LEE, I. Challenges and research directions in medical 

cyber-physical systems. IEEE Proceedings, 2012, 100: 75–

90.  

[14] LEE, E. The Past, Present, and Future of Cyber-

Physical Systems: A Focus on Models. Sensors, 2015, 15: 

4837–4869. 

[15] SILVA, L.C., ALMEIDA, H.O., and PERKUSICH, A. 

A Model-Based Approach to Support Validation of Medical 

Cyber-Physical Systems. Sensors, 2015, 15: 27625-27670. 

[16] KUMAR, S., DIXIT, A., and JAMSHED, A. Heart 

Disease Risk Predictor System using Data Mining Learning 

Techniques: Analysis. International Journal of Computer 

Applications, 2020, 176(23): 0975–8887. 

[17] SUBHI, J. Clinical applications of machine learning in 

cardiovascular disease and its relevance to cardiac imaging. 

European Heart Journal, 2019, 40(24): 1975–1986. 

[18] GU, L., ZENG, D., and GUO, S. Cost-Efficient 

Resource Management in Fog Computing Supported 

Medical Cyber-Physical System. IEEE Transactions on 

Emerging Topics in Computing, 2017, 5(1): 108-119. 

[19] KEERTHANA, K., NANDHINI, S.A., and RADHA, S. 

Cyber-physical systems for healthcare applications using 

compressive sensing. Compressive Sensing in Healthcare 

Academic Press, 2020: 145-164. 

[20] WENG, S.F., REPS, J., and KAI, J. Can machine 

learning improve cardiovascular risk prediction using routine 

clinical data? PLoS ONE, 2017, 12(4). 

[21] SHILASKAR, S., and GHATOL, A. Feature selection 

for medical diagnosis: Evaluation for cardiovascular 

diseases. Expert Systems with Applications, 2013, 40(10): 

4146-4153. 

[22] TRIPOLITI, E.E., PAPADOPOULOS, T.G., and 

KARANASIOU, G.S. Heart Failure: Diagnosis, Severity 

Estimation and Prediction of Adverse Events through 

Machine Learning Techniques. Computational and 

Structural Biotechnology Journal, 2016, 17(15): 26-47. 

[23] SENGUPTA, P.P., KULKARNI, H., and NARULA, J. 

Prediction of Abnormal Myocardial Relaxation from Signal 

Processed Surface ECG. Journal of the American College of 

Cardiology, 2018, 71(15): 1650-1660. 

[24] POLARAJU, K., and DURGA, D. Prediction of Heart 

Disease using Multiple Linear Regression Model. 

International Journal of Engineering Development and 

Research Development, 2017, 5(4): 1419-1425. 

[25] KHOURDIFI, Y., and BAHAJ, M. Heart Disease 

Prediction and Classification Using Machine Learning 

Algorithms Optimized by Particle Swarm Optimization and 

Ant Colony Optimization. International Journal of 

Intelligent Engineering and Systems, 2019, 12: 242-252. 

[26] DEEPIKA, K., and SEEMA, S. Predictive analytics to 

prevent and control chronic diseases. 2016 2nd International 

Conference on Applied and Theoretical Computing and 

Communication Technology (iCATccT), Bangalore, India, 

IEEE, 2016: 381-386. 

[27] BEYENE, C., and KAMAT, P. Survey on Prediction 

and Analysis the Occurrence of Heart Disease Using Data 

Mining Techniques. International Journal of Pure and 

Applied Mathematics, 2018, 118(8): 165-174. 

[28] KAGGLE. Available at 

https://www.kaggle.com/andrewmvd/heart-failure-clinical-

data. 

[29] ISLAM, M.M., UDDIN, J., and KASHEM, M.A. 

Design and Implementation of an IoT System for Predicting 

Aqua Fisheries Using Arduino and KNN. Intelligent Human-

Computer Interaction. IHCI 2020. Lecture Notes in 

Computer Science, Seoul South Korea, Springer, 2021: 108-

118. 

[30] ISLAM, M.M., KASHEM, M.A., and UDDIN, J. Fish 

survival prediction in an aquatic environment using random 

forest model. IAES International Journal of Artificial 

Intelligence (IJ-AI), 2021, 10(3): 614-622. 
 

 

参考文: 

[1] NILANJAN, D.、ASHOUR, A.S., 和 SHI, F. 醫療網絡

物理系統：一項調查。醫學系統雜誌, 2018, 42(4): 1-13. 

[2] HU, L.、XIE, N., 和 KUANG, Z. 網絡物理系統架構回

顧。 2012 电气与电子工程师协会第十五屆國際研討會面

向對象/組件/面向服務的實時分佈式計算研討會，2012：

25-30。 

[3] AHMAD, T., MUNIR, A., 和 BHATTI, S.H.心力衰竭患

者的生存分析：案例研究。公共科學圖書館一，2017，

12(7)。 

[4] CHICCO, D., 和 JURMAN, G. 機器學習可以僅從血清

肌酐和射血分數預測心力衰竭患者的存活率。 BMC 醫

學信息學與決策制定，2020，20(16)。 

[5] MIAO, F.、CAI, Y., 和 ZHANG, Y. 使用改進的隨機生

存森林對心力衰竭患者的醫院死亡率進行預測建模。 

IEEE 訪問，2018，6：7244-7253。 

[6] CHEN, C.、LO, Y., 和 HUANG, J. 心力衰竭類別和相

關藥物的特徵分析。 2016 电气与电子工程师协会系統、



Akter et al. Cyber-Physical System (CPS) Based Heart Disease's Prediction Model for Community Clinic Using Machine Learning 

Classifiers, Vol. 48 No. 12 December 2021 

93 

 

人與控制論國際會議，布達佩斯，2016：001382-001387

。 

[7] ISLAM, K. 社區診所——護理與賦權社區相結合：來

自孟加拉國的故事。國際綜合護理雜誌，2017，17(5)。 

[8] RIAZ，B.K. 孟加拉國的社區診所：公私合作的獨特

例子。赫利永, 2020, 6(5). 

[9] ISLAM, A., 和 TUHIN, B. 孟加拉國的衛生系統：挑戰

和機遇。美國健康研究雜誌，2014，2(6)：366-374。 

[10] SANNI, Y.、BISHWAJIT, G., 和 EKHOLUENETALE, 

M. 孟加拉國農村地區婦女對社區診所服務的認識和利用

：一項橫斷面研究。公共科学图书馆一，2017，12(10)。 

[11] CHAURASIA, V., 和 SAURABH, P. 檢測心髒病的數

據挖掘方法。國際高級計算機科學與信息技術雜誌，

2014，l 2：56-66。 

[12] HAQUE, S.A.、AZIZ, S.M., 和 RAHMAN, M. 醫療保

健信息物理系統回顧。國際分佈式傳感器網絡雜誌，

2014。 

[13] LEE, I. 醫療信息物理系統的挑戰和研究方向。 IEEE 

會議錄，2012，100：75–90。 

[14] LEE, E. 信息物理系統的過去、現在和未來：關注模

型。傳感器，2015，15：4837-4869。 

[15] SILVA, L.C.、ALMEIDA, H.O., 和 PERKUSICH, A. 

一種支持醫療網絡物理系統驗證的基於模型的方法。傳

感器, 2015, 15: 27625-27670。 

[16] KUMAR, S.、DIXIT, A., 和 JAMSHED, A. 使用數據

挖掘學習技術的心髒病風險預測系統：分析。國際計算

機應用雜誌，2020，176(23)：0975–8887。 

[17] SUBHI, J. 機器學習在心血管疾病中的臨床應用及其

與心臟成像的相關性。歐洲心臟雜誌，2019，40(24)：

1975-1986。 

[18] GU, L., ZENG, D., 和 GUO, S. 霧計算支持的醫療信

息物理系統中的成本高效資源管理。 电气与电子工程师

协会計算新興主題彙刊, 2017, 5(1): 108-119。 

[19] KEERTHANA, K.、NANDHINI, S.A., 和 RADHA, S. 

使用壓縮傳感的醫療保健應用網絡物理系統。醫療保健

學術出版社的壓縮感知，2020：145-164。 

[20] WENG, S.F., REPS, J., 和 KAI, J. 機器學習能否使用

常規臨床數據改善心血管風險預測？公共科學圖書館一

，2017，12(4)。 

[21] SHILASKAR, S., 和 GHATOL, A. 醫學診斷的特徵選

擇：心血管疾病的評估。具有應用程序的專家系統，

2013，40(10)：4146-4153。 

[22] TRIPOLITI, E.E. 、 PAPADOPOULOS, T.G., 和 

KARANASIOU, G.S. 心力衰竭：通過機器學習技術診斷

、嚴重程度估計和預測不良事件。計算與結構生物技術

雜誌，2016 年，17（15）：26-47。 

[23] SENGUPTA, P.P.、KULKARNI, H., 和 NARULA, J. 

從信號處理的表面心電圖預測異常心肌鬆弛。美國心髒

病學會雜誌，2018，71（15）：1650-1660。 

[24] POLARAJU, K., 和 DURGA, D. 使用多元線性回歸模

型預測心髒病。國際工程發展與研究發展雜誌 , 2017, 

5(4): 1419-1425. 

[25] KHOURDIFI, Y., 和 BAHAJ, M. 使用通過粒子群優化

和蟻群優化優化的機器學習算法進行心髒病預測和分類

。國際智能工程與系統雜誌，2019，12：242-252。 

[26] DEEPIKA, K., 和 SEEMA, S. 預防和控制慢性病的預

測分析。 2016 第二屆應用與理論計算與通信技術國際會

議，印度班加羅爾，电气与电子工程师协会，2016：

381-386。 

[27] BEYENE, C., 和 KAMAT, P. 使用數據挖掘技術預測

和分析心髒病發生的調查。國際純粹與應用數學雜誌, 

2018, 118(8): 165-174。 

[28] 卡 格 勒 。 可 在 

https://www.kaggle.com/andrewmvd/heart-failure-clinical-

data。 

[29] ISLAM, M.M.、UDDIN, J., 和 KASHEM, M.A. 使用 

阿杜諾和 騙局預測水產漁業物聯網系統的設計和實現。

智能人機交互。 人機交互界面 2020。計算機科學講義，

韓國首爾，斯普林格，2021：108-118。 

[30] ISLAM, M.M.、KASHEM, M.A., 和 UDDIN, J. 使用

隨機森林模型預測水生環境中的魚類生存。国际原子能

机构國際人工智能雜誌 , 2021, 10(3): 614-622。 


