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Abstract— Coronary Artery Disease (CAD) is one of the major 

health concerns around the world. In this article, an effective and 

explainable CAD diagnosis system based on machine learning and 

Explainable AI methods is introduced. Strong pre-processing, 

cross-validation, and performance evaluation were employed on 

the Z-Alizadeh Sani dataset using nine various ML algorithms. 

Random Forest and Multi-Layer Perceptron models had the best 

results with 95.61% and 96.44% accuracies, respectively. This 

research study includes the use of CodeCarbon to reduce energy 

usage while training models to make it sustainable. SHAP analysis 

was also used to make it interpretable, hence making it clinically 

applicable. The uniqueness of this study is the combination of 

machine learning with sustainability-oriented AI to improve 

accuracy in diagnosis while minimizing environmental footprint, 

hence helping in the creation of effective and ethical AI-based 

health solutions. 
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I. INTRODUCTION 

Coronary Artery Disease (CAD) is a death-leader all over 
the world, and it is responsible for almost 32% of all deaths in 
the world, reports the World Health Organization (WHO) [1]. 
CAD is typically the consequence of deposition of 
atherosclerotic plaque in the coronary arteries, which leads to 
reduced coronary blood supply to the heart with potential 
angina, myocardial infarction, or cardiac arrest [2]. It is critical 
to diagnose CAD early to prevent morbidity and mortality, yet 
traditional diagnostic modalities such as electrocardiograms 
(ECG), stress tests, echocardiography, and coronary 
angiography tend to be time-consuming, costly, and procedure-
related complications of invasive procedures [3].  

With the progress of artificial intelligence (AI) and machine 
learning (ML), computational methods have exhibited 
enormous promise in enhancing CAD detection accuracy and 
efficiency. ML models apply clinical data to predict the 
occurrence of disease in a manner that reduces the dependence 
on invasive techniques while improving early detection and 

customized treatment methods [4]. Perhaps one of the biggest 
issues with ML-based CAD prediction models, however, is 
their explainability because the majority of them are employed 
as black-box models, so that clinicians do not readily accept and 
integrate them into routine practice [5]. The openness of AI-
based medical systems is therefore one of the biggest 
considerations for their use within healthcare environments. 
Sustainability is also a significant challenge in creating AI 
models for medical CAD diagnosis. Training sophisticated AI 
models demands enormous computational resources, resulting 
in high energy usage and large environmental impact [6-8]. 

The growing needs for AI-empowered health care solutions 
necessitate the development of sustainable practice in AI to 
ensure maximum performance in diagnostics alongside 
maximal computational efficacy. Addressing these issues, the 
current work employs CodeCarbon, a tracking software, with 
the aim to quantify and reduce the carbon footprints of model 
training so it becomes an environment-friendly approach 
towards AI-empowered health care solutions [9-10]. 

This work presents an interpretable and environmentally 
friendly CAD prediction model by employing nine varied ML 
algorithms, i.e., Support Vector Classifier (SVC), Decision 
Tree, AdaBoost, Random Forest, Extra Trees, Gradient 
Boosting, Multi-Layer Perceptron (MLP), K-Nearest 
Neighbors (KNN), Logistic Regression, and Linear 
Discriminant Analysis. The dataset of 303 clinical cases with 
54 features of Z-Alizadeh Sani is employed for model training 
and validation [7]. To improve interpretability, the present 
study uses Shapley Additive Explanations (SHAP) analysis that 
yields feature importance knowledge, facilitating clinicians to 
understand AI model decision-making. The Synthetic Minority 
Over-Sampling Technique (SMOTE) is also used to rectify 
class imbalance and enhance model credibility. 

The major contributions of the present study are:  

• Constructing a highly accurate CAD prediction model 
using various ML paradigms.  
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• Integration of Explainable AI (XAI) techniques for 
enhancing model transparency and interpretability for 
clinical applications.  

• Use of green AI practices through power monitoring and 
limiting power usage during model training.  

• Solving data imbalance problems through enhanced data 
augmentation and oversampling. 

Through the solution of these issues, this study intends to 
make AI-based CAD diagnosis more ethical, explainable, and 
sustainable. The findings of this research will help improve the 
decision-making process of doctors, ultimately resulting in 
better patient care and CAD diagnosis. 

II. RELATED WORKS 

Coronary Artery Disease (CAD) is considered a significant 
cause of mortality in the world and accounts for nearly 32% of 
mortality, as reported by the WHO. Critical importance has 
spurred interest in diagnosing CAD using machine learning 
methodologies, and some promising lines have been realized so 
far. ML techniques were applied to the hospital data and 
achieved an accuracy of 92.04% by a Random Forest algorithm 
and a specificity of 92.40% using a Naive Bayes-based model 
[8]. N2Genetic optimizer was proposed, a new genetic training 
strategy combined with nuSVM, which attained an accuracy of 
93.08% [9]. a PUC method for improved CAD prediction was 
introduced considering noisy imaging data as the challenge to 
be solved [10]. Other improvements were suggested in [11] 
where radionics features of the MPI SPECT images used to 
develop the model called Stress-Boruta-GB, which achieved the 
highest AUC of 0.79. In [12] Coronary Artery Calcification 
scores from CCTA studies and achieved an accuracy of 93.86% 
with Random Forest, where [13] presented ensemble feature 
selection methods using the Z-Alizadeh Sani dataset. The study 
obtained an accuracy of 91.78%. The study [14] contributed by 
proposing using cytokine biomarkers and imaging data together 
for better CAD prediction. 

The previous efforts notwithstanding, a few research gaps 
exist in this domain. Most are comparative studies, each 
focusing on different metrics, accuracy, specificity, and AUC 
when evaluating their performance, a surefire way to create 
inconsistency among a performance benchmark. Geographical 
limitations: Most of the studies, including [8] and [13], 
conducted region-specific studies and thus failed to generalize 
the model. Besides, with the domination of traditional ML 
models, such as Random Forest, deep learning approach 
exploration is still somewhat limited. However, in medical 
applications, these methods perform better than conventional 
models. Also, integrating imaging and clinical data is not 
standard practice, although some studies have explored it, such 
as [12]. Finally, translation to clinical practice remains highly 
challenging, with real-time prediction systems and model 
interpretability needing further refinement to realize clinical 
adoption, as noted in [9]. 

III. METHODOLOGY 

The methodology section describes the data preprocessing, 
feature engineering, modeling techniques, and strategies for 
handling imbalanced data and ensuring model interpretability 

and sustainability. It also highlights the tools and frameworks 
employed in the study. 

A. Dataset Collection and Preprocessing  

The Z-Alizadeh Sani dataset contains 303 samples 
described by 55 features each. Of the total number of samples, 
216, or 79%, were CAD, and the remaining 87, or 21%, were 
expected in Fig 1. There was, therefore, a class imbalance. 
Essential features include demographics, such as age and BMI, 
symptoms, examination findings, ECG, and laboratory values. 
This dataset was clean and structured and did not contain 
missing values or outliers. Therefore, it would be reliable and 
minimize preprocessing [15]. SMOTE was performed to handle 
the class imbalance, which allowed for fair training. Besides, 
data augmentation was implemented, where the dataset has 
been augmented up to 15 times to improve the efficiency and 
robustness of model training. This dataset is publicly available 
with the UCI Repository [7],[5],[16-18]; its validation has been 
done in almost all ML-based CAD detection-related studies 
[19-23]. 

 

Fig. 1. Imbalance target class 

B. Feature selection 

The feature selection was performed using correlation 

analysis, focusing on features with a correlation coefficient 

greater than 0.2 with the target variable ('Cath') in Fig 2. This 

ensures the inclusion of the most relevant predictors while 

reducing noise. 

 

Fig. 2.  Correlation Matrix after Feature Selection 

The heatmap shows the correlation matrix of various dataset 
features, with values ranging between -1 and 1. Some of the 
crucial observations are as follows: 

• The "Cath" variable is reasonably highly positively 
correlated with "Atypical" (0.42) and "Nonanginal" 
(0.27) but negatively with "Typical Chest Pain" (-0.54) 
and "Age" (-0.36). 
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• "DM" (Diabetes Mellitus) and "FBS" (Fasting Blood 
Sugar) exhibit a strong positive correlation of 0.68, 
indicating a relationship between these two variables. 

• The "BP" (Blood Pressure) variable is moderately 
correlated with "HTN" (Hypertension) at 0.57. 

• Strong negative correlations are seen between "Typical 
Chest Pain" and "Atypical" (-0.72). 

These relationships help identify interdependencies among 
features, which is critical for feature selection and model 
performance in machine learning tasks. 

C. Machine Learning Model Implementation 

Nine ML algorithms were implemented, each selected for 

its unique capabilities: 

1) Support Vector Classifier (SVC) 
It has robust capabilities for high-dimensional spaces and 

binary classification, making it suitable for medical datasets 
with complex interactions between features. 

2) Decision Tree 
This is a straightforward model, and the results are 

interpretable; it is an excellent choice for running initial 
exploratory analyses. 

3) Linear Discriminant Analysis 
A supervised dimensionality reduction technique aims to 

find a linear combination of features that best separates multiple 
classes. It maximizes the between-class variance while 
minimizing the within-class variance to enhance classification 
performance. 

4) K-Nearest Neighbors 
It is a non-parametric algorithm that uses proximity to 

classify data; it has been chosen for its simplicity and efficiency 
in smaller datasets. 

5)  Random Forest 
This ensemble method combines many decision trees to 

increase the robustness and performance of classification. It is 
perfectly suitable for imbalanced datasets such as Z-Alizadeh 
Sani. 

6) AdaBoost 
Boosting transforms weak classifiers into strong ones; it 

works well for structured data with several essential features. 

7) Gradient Boosting 
This is the most potent ensemble technique optimized for 

lower error rates. It has been chosen because it may handle 
complicated interactions. 

8) Extra Trees 
Classifier: This concept is similar to a Random Forest, with 

some more randomization. It yields faster computation and less 
overfitting. 

9) Multi-Layer Perceptron 
This deep learning model grasps complicated patterns and 

non-linear relationships, making it ideal for high-dimensional 
datasets. 

 

Fig. 3. Overview of Methodology 

Fig 3, Describes the whole machine learning process, from 
data collection and pre-processing to feature selection, 
addressing data imbalance using SMOTE and augmentation, 
training models, selecting the best model, and finally using 
explainable AI for transparency. The steps are: 

• Dataset Collection & Preprocessing: The Z-Alizadeh 
Sani dataset is used, containing 303 samples with 55 
features. Preprocessing includes handling missing 
values, normalization, and feature selection using 
correlation analysis. 

• Data Augmentation & Class Balancing: SMOTE is 
applied to balance the dataset, ensuring robust model 
training. 

• Feature Selection: Features with a correlation coefficient 
above 0.2 are retained to reduce dimensionality and 
noise. 

• Model Implementation: Nine ML algorithms are trained 
and validated using a 10-fold cross-validation approach 
to ensure stability and generalizability. 

• Sustainability Considerations: CodeCarbon is employed 
to monitor and minimize energy consumption. 

• Model Interpretability: SHAP analysis provides insights 
into feature importance, ensuring that ML decisions 
align with clinical reasoning. 

• Performance Evaluation: Cross validation Score metrics 
is used to assess model performance. 

D. Sustainability and Interpretability 

In this respect, the research focused on sustainable AI 
practices by tracking energy consumption and carbon emission 
during model training using CodeCarbon to keep environmental 
impacts low. Explainable AI techniques, such as SHAP, were 
used for feature attribution to identify which features contribute 
most to the predictions, thereby increasing the transparency of 
the models and building trust and diagnostic insights aligned 
with established clinical practices. These efforts underpin the 
dual focus on environmental responsibility and interpretability 
in advancing CAD detection systems. 

• Energy Tracking: CodeCarbon monitored energy usage 
and carbon emissions, maintaining environmental 
impact within negligible limits. 
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• Explainable AI: SHAP identified key features 
influencing predictions, enhancing trust and 
transparency. 

IV. PERFORMANCE ANALYSIS 

Models are scrutinized and tested thoroughly to determine 
the most effective coronary artery disease detection. Energy 
usage and translatability are also priorities. 

A. Model Performance 

Nine models were assessed with machine learning using 
cross-validation techniques with 10 folds. This was done to 
supply a reliable estimate of each model's accuracy and 
firmness. The models were graded based on their mean 
accuracy in Table - I. Their general ability and the variance in 
performance across different subsets of the dataset were 
monitored. 

TABLE I.  CROSS VALIDATION (MEAN ACCURACY) OF THE MODELS 

Model Name Cross Validation Score 

SVC 86.75 

Decision Tree Classifier 92.96 

AdaBoost Classifier 92.63 

Random Forest Classifier 95.61 

Extra Trees Classifier 95.44 

Gradient Boosting Classifier 94.95 

MLP Classifier 96.44 

KNeighbors Classifier 90.55 

Linea Discriminant Analysis 94.95 

Among 9 ML models, the top performers are: 

• Random Forest Classifier: This model had the most 
excellent mean accuracy (95.94%) and a somewhat low 
standard deviation (0.0357). This indicates that 
performance was hefty and stability was high across 
cross-validation folds in Fig 4. 

 

Fig. 4. Random Forest cross-validation score 

The plot shows the learning curves for a Random Forest 
model. The training score remains high and stable, while the 
cross-validation score improves with more training examples, 
eventually stabilizing around 0.9. The shaded area represents 
the variability of the scores. 

• Extra Trees Classifier: This model showed an excellent 
accuracy of 95.94%. The standard deviation was also 
relatively the same in Fig 5. This puts it in a great 
position. 

 

Fig. 5. Extra Tree Classifier cross-validation score 

In these learning curves for ExtraTrees, the training score 
remains high and stable, while the cross-validation score 
increases with the increase in the number of training examples. 
The difference between the two scores is reduced, meaning 
more data results in better generalization. 

• MLP Classifier: Although more energy intensive, this 
model had superb accuracy (96.44%), which is shown in 
Fig 6. And will continue to indicate how neural networks 
can capture complex patterns. 

 

Fig. 6.  MLP classifier cross validation score 

This graph represents the relationship between the number 
of training examples and scores for both training and cross-
validation. As the number of training examples increases, both 
the training and cross-validation scores improve. The training 
score is always higher than the cross-validation score. The 
shaded areas around the lines represent the confidence interval 
of the score. 

Among other models, the Decision Tree Classifier and 
AdaBoost Classifier performed well. Accuracy hovered around 
92 and 93 percent. Stability did suffer, however, especially 
when compared with Random Forest and Extra Trees. SVC and 
K-Nearest Neighbors, relative to the rest, had the lowest mean 
accuracy. The value hovered between 86 and 90 percent. 
Standard deviations were also more significant. The CAD 
dataset has proven to be far too complex for these models. 
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Fig. 7.  Model Performance Comparison 

Fig 7, Depicts the cross-validation mean accuracy of various 
machine learning classifiers. Algorithms such as Random 
Forest, Extra Trees, and MLPClassifier give high accuracy, 
whereas algorithms such as SVC and KNN classifiers yield low 
accuracy. This provides insight into the best model among 
them. The highest score in cross-validation comes out to be 
from the MLPClassifier at 96.44%, followed by RandomForest 
with 95.61% and ExtraTrees with 95.44%. The lowest is for the 
SVC at 86.75%, indicating variable performances among the 
models. 

B. Feature Importance with Explainable AI 

In Fig 8. The SHAP (SHapley Additive exPlanations) 
method was employed to identify the most impactful features 
contributing to CAD diagnosis. 

 

Fig. 8.  Feature Importance with SHAP Visualization 

Top Features for CAD Detection: Typical Chest Pain, EF 

• TTE (Ejection Fraction), FBS (Fasting Blood Sugar), 
and T Inversion were identified as the most influential 
predictors. 

• Interpretability for Clinicians: SHAP visualizations 
highlighted the direct impact of these features on model 
predictions, offering transparency and alignment with 
established clinical practices. 

• Model Excellence: Random Forest and MLP emerged as 
high-performing models, providing accurate and 
interpretable results for healthcare applications. 

These insights enable informed decision-making in clinical 

settings, enhancing trust and utility in CAD diagnostics. 

C. Energy Efficiency and Carbon Emissions 

Since the economic awareness of energy consumption is 
essential for sustainable training of the AI model, this was 
measured using CodeCarbon. The results are as follows: 

1) Energy Consumption Breakdown  

• RAM Energy Consumption: The amount of energy 
consumed by RAM increased linearly due to constant 
power consumption at 11.76 W. Towards the end of the 
monitored period, it was 0.005043 kWh. 

• CPU Energy Consumption: The total energy consumed 
by all CPUs is 0.018236 kWh, while the power 
consumed has remained constant at 42.5 W throughout 
these training sessions. 

2) Cumulative Energy Usage  
The electricity consumed during the training was 0.023053 

kWh, which is very efficient training. Generally, the power 
consumption remains very low, while the energy consumption 
is divided between RAM and CPU. 

3) Carbon Emissions and Environmental Impact:  
The average estimated carbon emission was 0.004301 g 

CO2eq/s, approximately 135.64 kg CO2eq/year. While this 
value might not be insignificant, its environmental impact is 
still very low compared to the enormous gains in accuracy 
achieved with these models, such as Random Forest and MLP. 

4) Sustainable Model Training: 
In line with SDG 13 (Climate Action), these observations 

demonstrate that while energy consumption and carbon 
emissions are essential to track, the overall environmental 
impact is kept to a minimum, with efficient training methods 
and energy-conscious practices ensuring sustainability. 

V. CONCLUSION 

This study efficiently introduces an appropriate, 
understandable, and green CAD diagnosis system using 
machine learning. Code Carbon provides zero environmental 
impact, and the SHAP gives model decision-making 
interpretability. Working with imbalanced dataset was a 
challenge but with comprehensive pre-processing, MLP and 
Random Forest algorithms performed best with 96.44% and 
95.61% accuracy. This study proposes sustainable AI in 
medicine, and it provides an ethical, precise, and green CAD 
diagnosis technique. Future studies will address the integration 
of real-time clinical application with the increase in datasets to 
render predictive capability even more powerful. 
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