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Abstract: Coronary artery disease (CAD) is the leading cause of illness and death 

worldwide. Prevention of the disease is undoubtedly the most important measure, and early 

diagnosis is another crucial aspect to make patients seek medical attention in a timely fashion 

so as to decrease the adverse outcomes from this deadly disease. Recently with the booming 

of artificial intelligence (AI) technologies, more researchers have been focusing on 

developing effective methodologies and tools in CAD early diagnosis and predictive models. 

Taking advantage of the complete records of total 4049 patients with 2678 patients having 

CAD and 1371 patients without CAD confirmed by the gold standard, cardiac 

catheterization, we utilized XGBoost to assess the risks of both CAD and myocardial 

infarction (MI) and achieved extremely high accuracies on CAD and MI prediction. Results 

shown by seven benchmarks were recorded, and they all demonstrated higher than expected 

scores. The assessment of the risks of both CAD and MI simultaneously by utilizing the 

identical set of data in a clinically orientated setting is a new approach. Outcome of this study 

shows that CAD diagnostics using machine learning can reach high accuracy. Large 

population of people may potentially benefit from the machine-learning models, by seeking 

early diagnosis and treatment, and consequently their morbidity and mortality from CAD and 

MI can be significantly decreased.
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Introduction 

Coronary artery disease (CAD) is the leading cause of illness and death worldwide. When 

CAD is progressed over time, it can lead to myocardial infarction (MI), also known as heart 

attack.  Over the past three decades, various methodologies have been proposed and studied 

for developing effective and accurate algorithms and tools to guide decision making in CAD 

diagnostic methods
1-11

.  Recently with the booming of AI technologies, more researchers 

have been focusing on developing more robust methodologies and tools in CAD diagnostics 

based on machine learning models.  To achieve the same goal of helping large population of 

people who are at risk of CAD, the machine learning algorithms in predicting the risks of 

both CAD and MI using XGBoost models have been defined and developed by this research 

team including researchers and cardiologists.  With the assessment and prediction of the CAD 

and MI risks, patients can be directed to seek timely medical attention so early diagnosis can 

be made and early intervention can be performed.  Consequently their adverse outcomes and 

mortality rate can be significantly decreased.

XGBoost was utilized with supervisory function from experienced cardiologists to assess the 

risks of both CAD and MI in this study, and high accuracies were achieved.  To our 

knowledge, this is the first time that machine learning algorithms are used to assess both 

CAD and MI risks simultaneously based on the same set of data. 

 

Methods 

A total of 4,049 complete medical records were collected from Cardiology Department, 

Shenzhen People's Hospital, the People’s Republic of China.  Among them 2,678 patients 

were diagnosed as CAD positive, and 1,371 patients were diagnosed as CAD negative.  The 

4,049 records were recorded roughly in the past 10 years.  The majority of the patients’ 

ethnicity was Han Chinese with a very small exception of patients who were from overseas. 

We used the CAD positives and CAD negatives as our labels in the process of developing 

and testing of our model.  The collection and use of medical records were approved by the 

hospital ethics committee.  The diagnosis of CAD positive or CAD negative was confirmed 

by the gold standard, cardiac catheterization or coronary artery angiography. 

 Thirty data variables were defined under cardiologists’ supervision (Table 1).  These 

variables were divided into three major categories.  The first category was physical data, 

which consisted of variables 1-9; the second category was history data, which consisted of 

variables 10-20; while the third category was symptom data, which consisted of variables 21-

30.  We manually extracted the information from the 4,049 complete medical records 
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according to the above 30 defined variables.  During this process, all the patients’ names 

were removed and only in-patient IDs were used for identification purpose throughout this 

research.  At the end, we eliminated 3 variables which were not consistently found among all 

the medical records.  They were Ejection fraction (EF), Sleep apnea (OSA) and SpO2.  

Table 1.  Data variables defined under supervision 

 

  Original variables defined Description 

1 Gender Gender 

2 Age Age at the time of data taken 

3 BP (BP1/2) Blood pressure (systolic/diastolic blood pressure) 

4 HR Heart rate per minute 

5 Weight (Kg) Weight (Kg) at the time of data taken 

6 Height (cm) Height (cm) at the time of data taken 

7 EF Ejection fraction 

8 SPO2 Blood oxygenation 

9 ECG (AF) Atrial fibrillation detected by ECG 

10 HTN  Hypertension from history 

11 HLP Hyperlipidemia from history 

12 DM Diabetes from history 

13 HTN Med On Hypertension medication(s) 

14 HLP Med  On Hyperlipidemia medication(s) 

15 DM Med On Diabetes medication(s) 

16 Smoking Smoking or history of smoking 

17 FHx Family history of CAD 

18 OSA Obstructive sleep apnea 

19 Stroke History of stroke 

20 PVD Peripheral vascular disease 

21 SOB/DOE Shortness of breath/dyspnea on exertion 

22 CP Chest pain 
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23 Sweating with CP Chest pain with sweating 

24 Nausea with CP Chest pain with nausea 

25 CP to L shoulder/arm Chest pain radiates  to left shoulder/arm 

26 CP with exertion Chest pain with exertion 

27 CP lasting > a few min. Chest pain lasting > a few minutes 

28 CP at night/waking up Chest pain at night or waking up with chest pain 

29 CP relieved by rest/NTG Chest pain relieved by rest and/or nitroglycerin 

30 CP worse lately Chest pain is worse lately 

  
 
 XGBoost (Extreme Gradient Boosting) was used to design the model.  To systematically 

train the model and evaluate the accuracy of the model, we divided the data into 80% (3,239 

cases) as the training dataset and 20% (810 cases) as the testing dataset. The ratio of 

positive/negative cases was kept the same across the training and testing. The model was 

developed using the training data. The model was then tested for its performance using the 

testing data. The complete process is demonstrated in Figure 1.  

  

  
 

Figure 1.  Flow chart of CAD/MI data acquisition and machine learning model development 
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Results:  

In the study, the assessment of both CAD and MI risks was conducted based on the same set 

of data extracted from the complete medical records review of 4,049 patients.  That refers to 

the completely identical data content against the same defined variables, which is an 

important and unique feature of this study. 

The results demonstrated that all the predicting parameters for CAD were very high.  The 

predicting parameters for MI were also very high in all 5 benchmarks, whereas for specificity 

and precision results were lower comparing to those of CAD using the same cutoff at 0.4 

(Table 2).   

Table 2.  Summary of all the prediction parameters on both CAD and MI 

 CAD (cutoff =0.4) MI (cutoff =0.4) 

Sensitivity 0.991 0.908 

Specificity 0.949 0.711 

AUC 0.998 0.908 

Precision 0.974 0.726 

Recall 0.991 0.908 

F1 0.982 0.807 

Accuracy 0.977 0.801 

  
 

Among the 30 defined variables, 27 variables were finally chosen for the development and 

testing data input for the model.  In CAD risk analysis, 20 variables were captured and 

demonstrated different weight in predicting CAD (Figure 2), among which 10 variables were 

from the symptom data category comprising 50% of the total predicting variables for 

CAD.  Similar results were demonstrated for MI prediction and shown in Figure 3.  In MI 

risk analysis, 20 variables demonstrated different weight in predicting MI, among which 9 

variables were from the symptom data category comprising 45% of the total predicting 

variables for MI.  As shown in Figure 2 and 3, different variables carried different weight in 

predicting CAD or MI, yet the top three variables were physical data.  Furthermore, not 

surprisingly, the predicting variables for MI were almost identical to those for CAD except 

for minor differences. 
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The confusion matrix of the prediction results on test data set for CAD is shown in Table 3, 

while the results for MI is shown in Table 4.  Using the top three identical predicting 

variables for both CAD and MI, we also demonstrated the partial dependence plot of these 

three variables in CAD prediction (Figure 4) and in MI prediction (Figure 5).  After the 

model was developed and tested, we further tested our model in 57 individuals in real life 

outside the data set from the current study, and all the 57 cases showed expected results with 

MI risk scores lower than CAD (data not shown). 

 

 
Figure 2.  Feature importance scores generated by XGBoost for CAD.  BMI: body mass 

index, calculated from weight and height.  HLP_Med_HLP: combined variable of both HLP 

and HLP Med.  HTN_Med_HTN: combined variable of both HTN and HTN Med.  

DM_Med_DM: combined variable of both DM and DM Med (Table 1).  BP1_140: systolic 

blood pressure greater than 140 mmHg 
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Figure 3.  Feature importance scores generated by XGBoost for MI.  BP2_90: diastolic blood 

pressure greater than 90 mmHg.  Others see descriptions in Figure 2 legend 

 

 

Table 3. Confusion matrix of the prediction results on test dataset for CAD 

  

  

  

  

True label 

CAD Non CAD Total 

 

 

Predicted label 

CAD 261 13 274 

Non CAD 6 530 536 

Total 267 543 810 
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 Table 4. Confusion matrix of the prediction results on test dataset for MI 

 

  

  

  

  

True label 

MI Non MI Total 

 

 

Predicted label 

MI 313 127 440 

Non MI 34 336 370 

Total 347 463 810 

  

 

 
Figure 4. Partial dependence plot of Age, HR and BMI in CAD prediction. These are the top 

three most predictive variables ranked by importance scores   
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Figure 5. Partial dependence plot of Age, HR and BMI in MI prediction. These are the top 

three most predictive variables ranked by importance scores    

  

  
Discussion and Future Directions

Study findings

Over the past three decades, various methodologies have been proposed and studied for 

developing effective and accurate algorithms and tools to support the medical decision 

system in CAD
1-11

.  Machine learning was introduced especially in the past few years with 

the booming of AI technologies.  Different methods and algorithms should be tailored 

according to different disease processes and the characteristics of the data set
3,4,10

.  It is 

reasonable to state that not all these methods are equal with very few of them being 

commercialized successfully.

This study is unique as compared to other studies. Firstly, we performed the assessment of 

the risks of both CAD and MI based on the same data set extracted from the same complete 

review of the patient’s medical records.  Secondly, symptom data was included in the defined 



pg. 90 

 

variables for the first time for similar analysis.  The purpose of above was to understand the 

CAD and MI risks for a particular individual at the same given time as well as the 

contributing weight that different symptom played and comparing to other non-symptom 

variables for the risks of CAD and MI. 

The study showed that while all the predicting parameters for CAD and MI were very high 

except for the specificity and precision for MI, which were lower than those for CAD, but 

they were still fairly impressive values.  As commonly perceived, when CAD progresses to a 

certain degree, MI will consequently occur, therefore in terms of pathophysiology, MI is a 

secondary process to CAD towards a more serious stage in the spectrum.  The relatively 

lower values of specificity and precision for MI prediction may represent one of the 

limitations of this study and these values need to be further studied and confirmed using a 

much larger sample size.

Furthermore, when the adequate clinical data is available, one of our future directions will be 

the time frame prediction on the development of MI for a particular patient with 

CAD.  Knowing the pathophysiology of MI development is complex, it requires a very large 

dataset and the adequate follow-up data from the patients with CAD who develop MI at a 

later time. 

Values in real-world practices

Cardiac catheterization or coronary artery angiogram is the current gold-standard in 

diagnosing CAD, but it is used as the last step of the final diagnosis and it is limited by its 

costs and inherent complications.  Therefore, it should be reserved for those people with very 

high probability of CAD.  Value of this study represents a potentially significant advance for 

the general population because with the assessment or prediction of CAD and MI risks, 

people in the community can be directed to seek timely medical attention so early diagnosis 

can be made and early intervention can be performed before the disease progresses 

undetected to a more serious stage. Consequently their adverse outcomes and mortality rate 

will be significantly decreased.

Framingham Heart Study
12

 was designed to identify common factors or characteristics that 

contribute to cardiovascular diseases. Its risk calculation is very similar to the current 

standard prediction model from American College of Cardiology (ACC), which is based on 

risk factors such as age, cholesterol level, blood pressure, diabetes, Body Mass Index (BMI), 

etc.  When it comes to clinical diagnostics, Framingham methodology then is rather 

simplistic to account for other risk factors, multiple disease conditions as well as patients’ 
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symptoms.  In addition, Framingham study is more focused on the long-term risks such as 

10-year or 30-year risk of developing CAD
13

.  

With a different approach, our study expanded the defined variables to physical data, history 

data in addition to the most common risk factors in Framingham Heart Study and ACC 

guidelines as well as symptom data, which were utilized in our analysis. To simplify our 

analysis process, blood test was eliminated for cholesterol level, but instead history of 

hypercholesterolemia or medication to treat hypercholesterolemia was used as a surrogate for 

history of hypercholesterolemia.  The risk calculation can be accomplished by filling out a 

simple questionnaire, and more importantly the inclusion of symptoms can readily identify 

patients at immediate risk of CAD or MI instead of only assessing their long-term risks.  

The conventional diagnosis of CAD typically consists of a series of procedures including 

ECG, myocardial enzyme blood test, echocardiogram, treadmill stress test, PET-SPECT or 

nuclear stress test, and coronary artery angiogram, etc.  However, the diagnostic accuracy 

only ranges from 60% to 85%.  In our study, XGBoost-based machine-learning model 

demonstrated the AUC of 99.8% for CAD and 90.8% for MI.  These values need to be further 

tested and confirmed in a larger scale of study and real life practice, technologies developed 

based on our model can be used as a time-saving, cost effective and reliable alternative to the 

conventional diagnostic measures before the gold standard coronary artery angiography. The 

important and unique characteristics of this study represents and suits more in a real world 

practice or emergency room scenario that after the high-risk patients are identified, they will 

be advised to seek immediate medical attention without further delay. 

Based on our study, we can draw three major conclusions: 1) CAD and MI develop on a 

different time scale; 2) Vital signs and physical data have significantly higher weight in 

predicting both CAD and MI; 3) AI machine-learning models can reliably predict CAD risks 

with high accuracy.  While the prediction specificity and accuracy of MI risks are relatively 

lower than those of CAD, it is reasonable to foresee that it will be improved with larger scale 

of dataset in the future.  Furthermore, as relevant, larger data set is available, the machine 

learning algorithms shall be able to identify the possible, evolving patterns from CAD to MI 

on a more explicit time domain. This is without doubt very difficult to achieve for 

cardiologists in clinical practice using the conventional diagnostic methods. Much more can 

be explored through the studies in this subject. 

  

Even though we have made significant advances using AI technologies in the recent years 

especially in healthcare fields, it is still far from being perfect for commercial scale 
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applications.  We still have a huge amount of work to do.  Improvement in predictive 

accuracy and specificity could be further explored using machine learning methodology with 

larger scale of clinical data.  More interestingly, with the availability of the correct dataset, 

we can explore the possibility of predicting the time frame for patients to develop MI so that 

this devastating pathological process can be intervened to further decrease their morbidity 

and mortality.

 

The authors declare no conflicts of interest. 
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