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Featured Application: An explainable computer-aided diagnosis system for cardiovascular dis-
eases can be a valuable tool for primary health care. Medical experts can utilize such tools to
pinpoint unhealthy patients accurately and early, hence decongesting the National Healthcare
Service (NHS).

Abstract: In recent times, coronary artery disease (CAD) prediction and diagnosis have been the
subject of many Medical decision support systems (MDSS) that make use of machine learning (ML)
and deep learning (DL) algorithms. The common ground of most of these applications is that they
function as black boxes. They reach a conclusion/diagnosis using multiple features as input; however,
the user is oftentimes oblivious to the prediction process and the feature weights leading to the
eventual prediction. The primary objective of this study is to enhance the transparency and compre-
hensibility of a black-box prediction model designed for CAD. The dataset employed in this research
comprises biometric and clinical information obtained from 571 patients, encompassing 21 different
features. Among the instances, 43% of cases of CAD were confirmed through invasive coronary
angiography (ICA). Furthermore, a prediction model utilizing the aforementioned dataset and the
CatBoost algorithm is analyzed to highlight its prediction making process and the significance of each
input datum. State-of-the-art explainability mechanics are employed to highlight the significance of
each feature, and common patterns and differences with the medical bibliography are then discussed.
Moreover, the findings are compared with common risk factors for CAD, to offer an evaluation of the
prediction process from the medical expert’s point of view. By depicting how the algorithm weights
the information contained in features, we shed light on the black-box mechanics of ML prediction
models; by analyzing the findings, we explore their validity in accordance with the medical literature
on the matter.

Keywords: explainability; coronary artery disease; machine learning; computer-aided diagnosis

1. Introduction

Modern technological breakthroughs have made it feasible to facilitate artificial in-
telligence (AI) components in many sectors that are unrelated to computer science. ML
components can be found in the form of computer-aided decision-making systems in appli-
cations ranging from healthcare to trading and economics [1–3]. Nevertheless, most of these
models do not offer insight into their prediction processes or how they evaluate the impact
of each input factor. Furthermore, as far as healthcare is concerned, ML systems that lack
explainability may not be perceived as trustworthy by patients or medical personnel [4–6]
and they may fail to comply with regulations, which set explanations as a mandatory
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requirement for automated decision-making systems [7]. Therefore, if AI is truly set to
transform healthcare soon, it would help considerable if it were less opaque.

Conversely, cardiovascular diseases (CVDs) pose a significant health challenge, repre-
senting a major cause of mortality worldwide [8]. According to the World Health Organiza-
tion (WHO), CVDs accounted for approximately 17.9 million deaths in 2019, constituting
32% of all global fatalities [9]. In this context, CAD has become a prevalent focus for the
implementation of machine learning (ML) prediction models [10–13]. These models are
utilized to assess CAD risk and have exhibited varying degrees of accuracy. Reported
accuracies of such systems range from 71.1% to over 98%, especially when incorporating
image data [14]. However, nearly every ML decision-making system for CAD functions as
a black box, simply providing a diagnosis/prediction and minimum information regarding
how the result was reached. It is safe to assume that information on the process of making
the prediction would greatly enhance the trust factor of such appliances, especially given
the fact that they are used by medical personnel.

The explainability aspect of an ML prediction model remains a relatively unexplored
field. Most of the existing work on this matter focuses on the image explainability as-
pect [15–19] instead of feature importance explainability, like this project does. Most of the
related works employ the Grad-CAM technique to identify the parts of an input image
that have the greatest impact on the classification score. Nevertheless, there are some
works that touch on non-image explainability. In ref. [20], the researchers incorporate
a rule-based mechanism to increase the knowledge of the proposed system and the ex-
plainability of the decision mechanism of their advanced fuzzy cognitive maps (A-FCM)
model. In ref. [21], a dataset of 13 features is passed to a XGBoost prediction model and
then possible explainability techniques are presented, such as local interpretable model–
agnostic explanation (LIME) [22] and Shapley additive explanations (SHAP) [23]. Another
study [24] utilized a dataset consisting of 31 features (mainly medical test results) and
5 ML prediction algorithms (max accuracy 82%) and tackled the explainability issue via
the respective SHAP values of the features. Still, there is enough fuzziness regarding
CAD applications of ML/DL prediction models that make no use of image data and how
common features compare with the common decision process feature evaluation of medical
experts and doctors. Additionally, a comprehensive summary of recent studies focused
on CAD classification can be found in Table 1. It is immediately apparent that most of
the existing body of research consists of studies utilizing image data from SPECT and
PET scans. Moreover, certain studies include the medical expert’s diagnosis as input. The
current work is differentiated on both these major aspects. Firstly, the dataset used contains
no images, just clinical information. Secondly, it does not use the doctor’s opinion as a
reference, which makes the proposed model pure AI, with no human input. These two
differentiations are also the two most contributing factors that enable the proposed model
to function as a preliminary computer-aided diagnosis system for cardiovascular diseases
for primary health care. It could help decongest the NHS by enabling medical experts
to pinpoint unhealthy patients accurately and early. A detailed discussion and compar-
ison of these findings with the results of the present study are elaborated upon in the
discussion section.

By leveraging the SHAP explainability technique and Cohen effect sizes, we aim
to emphasize the significance of each feature in the chosen prediction model, which is
built based on the Catboost algorithm. These analytical approaches enable us to gain
insights into how individual features contribute to the model’s predictions, shedding
light on their relative importance and impact on the overall classification process. We
examine the entire feature set (consisting of 27 features), as well as the specific feature
subset, as it was created through a feature selection process. Additionally, we highlight
established common patterns between the feature subset of the model and common risk
factors for CAD by checking whether these results are in agreement with the contemporary
literature on cardiovascular diseases. Thus, overall, the three major axes of this work can
be summed up as follows: (1) explaining the prediction results of a blackbox ML algorithm
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for CAD diagnosis; (2) exploring common patterns in feature selection/importance for
ML prediction models and lastly, (3) we will compare the results with expected outcomes
related to the prevailing determinants of CAD and evaluate the clinical credibility of this
AI-driven decision-making system.

Table 1. Related work on AI used for CAD classification.

Author (First) Nature of Data Results Remarks

Samaras [25]
demographic, patient

history, doctor’s
diagnosis, medical

Best of all—Random Forest:
Accuracy: 83.02%
Sensitivity: 83.06%
Specificity: 85.49%

Doctor-in-the-loop

Apostolopoulos [20] demographic, patient
history, medical

Accuracy: 85.47%
Sensitivity: 89.3%
Specificity: 79.31%

AUC: 82.45%

Input contains image data
from scans

Apostolopoulosl [26] demographic, patient
history, medical

Accuracy: 75.79%
Sensitivity: 74.07%
Specificity: 76.16%

AUC: 71.09%

Input contains image data
from scans

Apostolopoulos [27] demographic, patient
history, medical

Accuracy: 78.21%
Sensitivity: 83.95%
Specificity: 68.96%

Input contains image data
from scans

L. J. Muhammad [28] demographic, medical

Best of all—Random forest
Accuracy: 92.04%
Sensitivity: 86.5%
Specificity: 83.34%

Input contains image data
from scans

Sayadi [29] demographic, medical,
lab results

Best of all—SVM:
Accuracy: 95.45%
Sensitivity: 95.91%
Specificity: 91.66%

Input contains image data
from scans

Liu [30] demographic, medical

CAD
Sensitivity: 80.97% ± 7.75%
Specificity: 61.37% ± 14.4%

Non-CAD
Sensitivity: 61.37%
Specificity: 80.97%

Input contains image data
from scans

Xiao [31] demographic, medical
Accuracy: 89.5%
Sensitivity: 89.8%
Specificity: 88.9%

Input contains image data
from scans

Johri [32] demographic, medical,
patient history

Best of all—LSTM
Accuracy: 95.34%

AUC: 0.99

Input contains image data
from scans

Benjamins [33] demographic, medical,
doctor’s diagnosis AUC: 0.91

Input contains image data
from scans and
doctor-in-the-loop

The remainder of this paper is structured as follows. In Section 2, we present the
patient dataset and provide a concise overview of the ML prediction model utilized in this
study. Feature importance plots for the prediction model and feature dataset are presented
in Section 3. In Section 4, there is an analysis of how the model weights its input data, and
the common patterns and limitations of these results are discussed. It is in this section
that a discussion of the findings from the medical expert’s point of view is offered as well.
Finally, some concluding remarks and future directions are provided in Section 5.

2. Materials and Methods
2.1. Patient Population

This study encompasses a comprehensive dataset comprising 571 participants. Within
this population, 248 patients are confirmed to have CAD based on ICA testing, accounting
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for 43.43% of the total cohort, while the remaining participants are considered healthy
controls. The subjects in this patient population display notable diversity in their biometric
and clinical data. Regarding demographics, approximately 79.68% of the entries correspond
to male participants, with ages spanning from 32 to 90 years and body mass index (BMI)
values ranging from 16.53 (underweight) to 87.2 (extremely obese). Additionally, various
clinical data, such as arterial hypertension and chronic kidney disease, are combined with
lifestyle factors like smoking status and diagnostic resting electrocardiogram results. The
complete list of 27 features is presented in detail in Table 2.

Table 2. Features that formed the input of the prediction model.

Feature Name Description Feature Group

1 known CAD Coronary artery disease Predisposing Factor
2 previous AMI Acute myocardial infarction Predisposing Factor
3 previous PCI Percutaneous coronary intervention Predisposing Factor
4 previous CABG Coronary artery bypass graft surgery Predisposing Factor
5 previous Stroke Stroke Predisposing Factor
6 Diabetes Diabetes-positive patient Predisposing Factor
7 Smoking Smoker/non-smoker Predisposing Factor
8 Arterial Hypertension Known arterial hypertension instance Recurrent Diseases
9 Dyslipidemia Known dyslipidemia instance Recurrent Diseases
10 Angiopathy Known angiopathy instance Recurrent Diseases
11 Chronic Kidney Disease Known chronic kidney disease instance Recurrent Diseases
12 Family History of CAD CAD occurrence in family Recurrent Diseases
13 Asymptomatic No symptoms Symptoms
14 Atypical Atypical symptoms Symptoms
15 Angina-like Angina-like symptoms Symptoms
16 Dyspnea Dyspnea on exertion Symptoms
17 Precordial Pain Precordial pain occurrence Symptoms
18 Sex Male/female Demographics
19 Normal Weight BMI lower than 24.9 Demographics
20 Overweight BMI between 25 and 29.9 Demographics
21 Obese BMI over 30 Demographics
22 <40 Aged under 40 Demographics
23 40–50 Aged between 40 and 50 Demographics
24 50–60 Aged between 50 and 60 Demographics
25 >60 Aged over 60 Demographics
26 RST ECG Diagnostic resting electrocardiogram Diagnostic Test (ECG)
27 CAD ICA—ground truth Reference Variable

For this study, we opted to explain just the best-performing dataset without the
expert’s diagnosis. Including the expert’s diagnosis as an input datum can enhance the
accuracy of a prediction model. Nevertheless, the doctor’s diagnosis encapsulates all the
data from medical tests, images and medical history of a patient and other features. Hence,
some features’ importance is already represented in the expert’s diagnosis. Without a doubt,
this is especially true for the most common risk factors for CAD, as they tend to have a
greater impact on the decision process of the doctor. Thus, by choosing this approach, even
though the prediction accuracy may be somewhat lesser, we believe we can purely capture
the decision making process of the algorithm/model and showcase the “true” weight the
algorithm assigns to each of the input features.

In this study, all patients included in the dataset underwent gated-SPECT myocardial
perfusion imaging (MPI) as part of the diagnostic process. Additionally, within 60 days of
the MPI, ICA was performed to further investigate their condition. The results obtained
from the ICA procedure were considered the definitive ground truth for determining the
actual CAD condition (affected or healthy) of each patient. These ICA-confirmed results
served as the gold standard for the analysis and evaluation of the prediction models in the
current research.



Appl. Sci. 2023, 13, 8120 5 of 14

The patient data used in this study were collected from the Clinical Sector of the
Department of Nuclear Medicine at the University Hospital of Patras from 16 February 2018
to 30 June 2022. The study was conducted with the approval of the Ethical and Research
Committee of the University Hospital of Patras, under protocol number 108/10-3-2022. As
a retrospective study, the requirement for obtaining informed consent from the participants
was waived. During the data acquisition process, the anonymity of the subjects was strictly
maintained to ensure their privacy and confidentiality. Moreover, all procedures carried
out in this study were in full compliance with the principles outlined in the Declaration of
Helsinki, which sets ethical guidelines for medical research involving human subjects.

2.2. ML Prediction Models

This study employs a prediction model based on the well-documented CatBoost ML
algorithm [34]. This is a state-of-the-art ML classification algorithm, and it is widely used
by the research community, especially on medical datasets, with proven efficacy [35–39]. It
is arguably one of the most accurate and modern algorithms in this field of research. Hence,
an explainability approach for it could form a step towards shedding light on the black-box
mechanisms for its other applications as well.

Moreover, a data preselection function and hyper-parameter selection were run. For
this particular scenario, implementing the forwards sequential feature selection [40] algo-
rithm gave the best-performing feature subset. Thus, the current prediction model uses
a dedicated feature subset to achieve maximum prediction accuracy. As far as training
and testing splitting is concerned, a 10-fold stratified cross validation [41] was selected.
By implementing stratified sampling, the training subsets had the same percentage of
CAD-positive inputs as the original dataset (i.e., 43.43%). On this matter, the dataset was
split in a 90/10 analogy (training/testing set) and the prediction results were validated
across multiple runs. The model achieved the best performance with specific values for
its main initialization parameters; specifically, the n_estimators parameter was tuned to
‘79’ and the learning_rate parameter to ‘0.1’. Eventually, the performance of the deployed
prediction model was evaluated using five common metric scores: accuracy, sensitivity,
specificity, Jaccard score, F1-score and a confusion matrix.

Overall, the complete methodology of this work, as depicted in Figure 1, can be
summed up in 4 steps:

1. Feature selection/model optimization;
2. Training/testing of ML model;
3. Plotting SHAP on the prediction results;
4. Explainability of prediction results.

2.3. Explainability

To tackle the problem of explaining a black-box ML prediction model, two main
analytical approaches were employed in tandem; Cohen effect sizes and SHAP analysis.
These two widely established techniques are used in many scientific fields to analyze
datasets and the results of experiments.

The Cohen effect size (Cohen’s d), introduced in 1969 [42], is a statistical measure used
to quantify the magnitude of the difference between two groups. It is particularly useful
when comparing the performance of different features or algorithms in machine learning.
To calculate Cohen’s d, the difference between the means of the two groups is divided
by the pooled standard deviation of the two groups. The resulting value represents the
effect size, indicating the magnitude of the difference between the groups. A Cohen’s d
value of 0.2 is considered small, 0.5 is considered medium and 0.8 is considered large. By
using Cohen’s d in machine learning, researchers can gain insights into the significance
of differences between various features or models. It helps in making more informed
decisions when selecting a model for a specific task, as it allows for a better understanding
of the performance variations among different algorithms or features. Several studies have
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highlighted the importance of using Cohen’s d to improve the interpretability and decision
making in machine learning tasks [43,44].

Appl. Sci. 2023, 13, x FOR PEER REVIEW  6  of  16 
 

deployed prediction model was evaluated using five  common metric  scores: accuracy, 

sensitivity, specificity, Jaccard score, F1-score and a confusion matrix. 

Overall,  the  complete methodology of  this work,  as depicted  in Figure  1,  can be 

summed up in 4 steps: 

1. Feature selection/model optimization; 

2. Training/testing of ML model; 

3. Plotting SHAP on the prediction results; 

4. Explainability of prediction results. 

 

Figure 1. Flow chart of this work’s methodology. 

2.3. Explainability 

To  tackle  the problem of  explaining a black-box ML prediction model,  two main 

analytical approaches were employed in tandem; Cohen effect sizes and SHAP analysis. 

These  two widely  established  techniques are used  in many  scientific fields  to analyze 

datasets and the results of experiments. 

The Cohen effect size  (Cohenʹs d),  introduced  in 1969  [42],  is a statistical measure 

used to quantify the magnitude of the difference between two groups. It is particularly 

useful when comparing the performance of different features or algorithms in machine 

learning. To calculate Cohenʹs d, the difference between the means of the two groups is 

divided  by  the  pooled  standard  deviation  of  the  two  groups.  The  resulting  value 

represents the effect size, indicating the magnitude of the difference between the groups. 

A  Cohenʹs  d  value  of  0.2  is  considered  small,  0.5  is  considered medium  and  0.8  is 

considered large. By using Cohenʹs d in machine learning, researchers can gain insights 

into the significance of differences between various features or models. It helps in making 

more informed decisions when selecting a model for a specific task, as it allows for a better 

understanding  of  the  performance  variations  among  different  algorithms  or  features. 

Several  studies  have  highlighted  the  importance  of  using  Cohenʹs  d  to  improve  the 

interpretability and decision making in machine learning tasks [43,44]. 

SHAP (SHapley Additive exPlanations) [45] is a well-established technique used to 

enhance the transparency and explainability of machine learning prediction models. It is 

Figure 1. Flow chart of this work’s methodology.

SHAP (SHapley Additive exPlanations) [45] is a well-established technique used
to enhance the transparency and explainability of machine learning prediction models.
It is based on concepts from cooperative game theory and offers valuable insights into
how each feature contributes to the model’s predictions. The SHAP method approaches
explainability by treating each feature as a "player" in a game, and the ultimate prediction
as the game’s goal. It then allocates the responsibility for the prediction to all the features
in a fair manner. In simpler terms, SHAP assigns an importance value to each feature
for a particular prediction, indicating how much that feature influences the outcome. By
employing SHAP, researchers and practitioners can gain a deeper understanding of the
model’s decision making process. It enables them to identify which features play crucial
roles in the prediction, providing valuable insights into how the model arrived at its
conclusions. This method is particularly useful in scenarios where model interpretability is
essential for building trust and confidence in the AI-powered decision-making system.

First introduced by Shapley in 1953 [23], the Shapley value is a mathematical concept
in game theory that aims to assign “pay-outs” to players of a game based on their individual
contribution to the overall goal/pay-out of the game. Players can form coalitions and work
towards the final goal in a collaborative fashion. Thus, this method highlights the effective-
ness of certain combinations and the contributions of each player of the game. By applying
this concept in ML prediction models, each feature of the dataset is considered a player
and the prediction is the final goal/pay-out. The Shapley values indicate the importance of
each feature and the most effective combinations, thus giving an explainability factor to the
whole system. By comparing the difference between the prediction of a single feature and
the average prediction value of all features, we obtain the total “gains” achieved by it. If this
is for a set of features, then the “gains” are split accordingly between the players/features
taking part.

Consequently, the SHAP technique calculates the mean prediction value of the model.
The next step is to calculate the relative contribution of all features to the deviation (positive
or negative) from the mean prediction value of the model. Ergo, by adding this final step
to the procedure of this work, as depicted in Figure 1, we try to shed more light on the
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mechanics of an otherwise black-box decision-making computer-aided system. By showing
the individual contributions of each feature to the final prediction value, the user of this
system can elaborate on/rationalize the result and even justify predictions that would
normally alienate them.

3. Results

In this section of the paper, we present plots that will be useful for interpreting the
decision process of each model and highlight the reasoning behind each prediction. We
will explore the behavior of the model while using only the selected fields of its dedicated
feature subset as input. In order to address the explainability issue, for each of the afore-
mentioned two cases covered by this work, we present the following plots and charts:

1. the Cohen effect sizes chart;
2. the SHAP values summary plot;
3. a waterfall plot describing the way each feature contributed towards the prediction

for a CAD (unhealthy) instance;
4. a waterfall plot describing the way each feature contributed towards the prediction

for a NO-CAD (healthy) instance.

As explained in the Introduction section, one major benefit of this approach is that the
CAD/NO-CAD (healthy/unhealthy) criterion is based on the results of the ICA procedure
(golden truth) and not the expert’s diagnosis. Thus, when referencing the health status of
an entry we are, in fact, using the outcome of the procedure.

3.1. Performance Metrics for CatBoost Model

Two test scenarios were conducted in this section. Firstly, the model’s performance
was assessed using the entire dataset as input. Subsequently, the model’s behavior was
examined when only the selected fields of its dedicated feature subset were used as input.
The evaluation metric scores reached by the CatBoost ML algorithm-based prediction
model are presented in Table 3. The middle column depicts the scores and the relative
standard deviations (STD) when the algorithm uses the dataset in its entirety, while the
right one depicts the same scores when its input is just the fields from the subset selected
by the sequential feature selection algorithm.

Table 3. Metric scores for CatBoost ML model when using the whole dataset and when using the
dedicated feature subset. Standard deviation (STD) is included in parentheses.

Metric Whole Dataset Dedicated Subset

sensitivity 67.80% (8.60) 74.63% (7.49)
specificity 80.20% (5.36) 82.05% (6.74)
accuracy 74.78% (3.93) 78.82% (4.02)
Jaccard score 53.92% (6.48) 60.67% (6.56)
f1 score 69.83% (5.53) 75.32% (4.97)

The features that comprise the dedicated feature subset, which was created through
the forwards SFS algorithm, are the following:

[‘known CAD’, ‘previous PCI’, ‘previous CABG’, ‘previous Stroke’, ‘Diabetes’, ‘Smok-
ing’, ‘Angiopathy’, ‘Chronic Kidney Disease’, ‘Angina-like’, ‘Precordial Pain ’, ‘RST ECG’,
‘Sex’, ‘Obese’, ‘40–50’, ‘50–60’]

3.2. Explainability Plots for CatBoost Using Dedicated Subset as Input

In this test case, instead of using the whole dataset as input, the algorithm uses the
dedicated subset created through feature selection. Hence, the importance weights refer to
only the selected features. In the same fashion, just these selected features contribute to the
final resulting prediction. In the same way as before, feature values in the SHAP diagrams
can be either ‘0’ or ‘1’. Specifically, a value of ‘1’ indicates the positive case (e.g., male = 1,
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identifies the specific patient as male). Figure 2 depicts the decision process for a healthy
entry, while Figure 3 shows an unhealthy one, both ICA-confirmed. The decision threshold
for the algorithm is E[f(x)] = −0.382. The latter essentially means that any prediction score
lower than this value classifies the instance as NO-CAD, whereas prediction scores higher
than the threshold classify it as CAD. The prediction score for each instance is noted on the
plots as f(x). Every feature depending on its value “drives” the outcome towards a specific
class, and the eventual equilibrium decides the prediction score.
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4. Discussion

The main focus of this work is to illustrate the decision process of a black-box computer-
aided decision-making model. Within this scope, the proposed explainability analysis offers
valuable insight as to which features were the most essential for the classification and how
each datum contributed to the final outcome. Below, we will explain what these figures
showcase and then we will discuss these findings from a medical viewpoint.

Cohen effect sizes (Figure 4) and their relative SHAP values (Figure 5) showcase an
increased degree of similarity when it comes to identifying the most influencing features
of the dataset. In both cases, it seems the most impactful kind of information is whether
the entry previously had a CAD condition. Additionally, two more features that appear to
play a major role are whether the patient is diabetic and their sex. Specifically, if the patient
is diabetic or is male, they are more likely to have CAD than otherwise. Unsurprisingly,
all these features are well-documented risk factors for CAD [46–53]. Other factors that
also contribute much to the classification are the level of exercise of the entry (RST ECG)
and age. Moreover, these plots highlight that patients who exercise little to never or are
between 40 and 50 years of age seem to be more prone to CAD. Alternatively, individuals
who engage in regular physical activity and are younger than 40 years old tend to have a
lower susceptibility to CAD, as indicated by higher values of RST ECG. These findings are
in line with the existing medical literature on cardiovascular diseases and their associated
risk factors [46–53]. The Cohen effect size chart leads to observations that not only match
with the ones from the SHAP summary plot, but also perfectly align with the established
knowledge in this field.

The waterfall plots showcase the decision process for a NO-CAD subject (Figure 2)
and a CAD one (Figure 3). These plots showcase how each feature “pushes” the decision
towards the CAD or the NO-CAD class. This classification is based on the decision thresh-
old, which for this problem is equal to -0.382. Each feature adds (equivalent of “pushing”
right) or subtracts (equivalent of “pushing” left) to the prediction score, and eventually, if
this is higher than the threshold of -0.382, the entry is classified as a CAD instance. In lieu
of this information, a human doctor can assimilate the prediction process of the black-box
model and determine the outcome by knowing which factors contributed to the prediction
and by how much.

By comparing the evaluation metrics (Table 3) of the two scenarios (entire dataset as
input vs. dedicated feature subset as input), it is evident that the selected feature subset
leads to a far better prediction accuracy. Not only does the information depicted in Table 3
indicate a more accurate model when using a subset, but the true positive rate (sensitivity)
and true negative rate (specificity) increase too. Hence, when using a stripped-down
dataset as input, the model isolates the true condition of the subjects far more accurately. It
is especially important to have a better true positive rate, because false positive instances
can lead to increased costs and congestion of the healthcare system. This increase in
performance is logical, given the fact that this dedicated subset contains the more important
features, while also missing out factors that may confuse the model or contribute less to
the decision process. Moreover, the majority of the most common risk factors for CAD are
present in the dedicated feature subset, which further contributes to the legitimacy of the
feature selection process from the viewpoint of a human medical expert/doctor.

Considering the existing body of research, it is evident that it primarily consists
of studies that utilize image data from SPECT and PET scans in the context of CAD
classification. Furthermore, some studies incorporate the medical expert’s diagnosis as
an input. It is also evident that these studies achieve better performance metrics than the
current work. The nature of the dataset deployed in the current study makes it impossible
to achieve top-of-class accuracy for CAD classification. More specifically, without the
use of data from medical scans or the medical expert’s input, this model cannot compete
with others that contain such information. Nevertheless, not only is this singularity what
enables the proposed model to serve as a preliminary computer-aided diagnosis system
for cardiovascular diseases in primary healthcare, but also it does achieve results on par
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with medical experts for this particular dataset (i.e., model’s accuracy: 78.82% versus
doctor’s accuracy: 78.81%). By accurately identifying unhealthy patients at an early stage,
it could assist in alleviating the strain on healthcare systems like the NHS. Other proposed
models, though more accurate, cannot be used in such a manner, mainly because general
practitioners and family doctors that comprise the primary healthcare system do not have
access to tomographs nor to cardiologists and nuclear doctors like hospitals do to collect all
the data needed for the rest of the prediction models to function properly.

In summary, incorporating explainability mechanisms like Cohen effect sizes and
SHAP values in machine learning models enhances our comprehension regarding the
prediction making process and factors influencing decisions. This fosters trust and makes
these prediction tools more appealing to the medical community. Furthermore, the insights
gained from explainability can serve as a suggestion tool, aiding in the identification
of outlier cases and potential errors in input data. This, in turn, leads to more precise
predictions and better diagnosis of CAD. Ultimately, the integration of explainability
mechanisms contributes to advancing the field of medical diagnosis.
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Nevertheless, this study has certain limitations. Specifically, the data used as input in
the current work lack any image data. Image data derived from SPECT/PET examinations
hold crucial information that is widely used by medical experts to assess the health con-
dition of a patient. Thus, we consider it highly likely that incorporating such images into
the input dataset would further improve the prediction accuracy of a decision model for
CAD/NO-CAD classification. Furthermore, the patient population in this dataset are all
people from roughly the same country/region. This low geographic diversity/dispersion
means that these people share a common lifestyle and nutritional habits. Therefore, it is
possible that certain risk factors were more prevalent than others due to this fact.
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5. Conclusions

The main objective of this work is to provide an explainable model that sheds light on a
black-box prediction system for predicting CAD classification by offering an explainability
aspect for its decision process. By utilizing SHAP analysis and Cohen effect sizes for
the features, we highlight exactly which features contributed the most to the prediction
mechanism. These findings can be of great significance because they make predictions
about something more than just an outcome. The human user would be able to access the
reasoning behind the prediction of the AI model and assess it accordingly. Ergo, it makes it
more feasible and easier to facilitate a much-needed trust factor between the AI model and
its human medical user. This trust is paramount, especially in the medical field, given the
impact of such a prediction.

Another key takeaway of this study is that the AI prediction system shows an almost
complete alignment with the contemporary literature and research on the matter of CAD.
The most common risk factors for CAD [37–44] show substantial SHAP values and Cohen
effect sizes. Certainly, this significantly boosts confidence, particularly when the model
generates unexpected outputs. Additionally, the explainability outcomes offer an aspect of
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legitimacy to the specific computer-aided decision-making system since they are aligned
with the findings of years of research on the matter. However, it is worth noting that
some well-known risk factors for CAD, such as dyslipidemia, were consistently overlooked
during the feature selection process.

Future plans include incorporating data from images or the prediction results of AI
models utilizing such data into the AI prediction model. Image results from SPECT and
PET tests hold important information that can almost certainly enhance the prediction
accuracy of such a system. Furthermore, it could be interesting to further research why
some well-known CAD risk factors were absent from the feature selection and creation of
the dedicated feature subsets (e.g., arterial hypertension). Additionally, there is an ongoing
and robust discussion in the field about the methods and techniques to make AI models
even more interpretable and trustworthy. This is indeed an area that requires further
research, and we plan to explore additional methods to enhance model explainability in
our future work.
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