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Abstract 
Understanding why a machine learning model makes a certain prediction is 
just as critical as how accurately it predicts, especially when it comes to diag-
nosing and treating cardiovascular disease. In this study, we applied explaina-
ble artificial intelligence (XAI) techniques to improve both the predictive power 
and interpretability of heart disease detection models. A dataset of 1,025 pa-
tient records was thoroughly preprocessed, including the handling of missing 
values, the encoding of categorical features, and the binarization of the out-
come variable. We evaluated several machine learning models LSTM networks, 
Random Forest, Gradient Boosting, XGBoost, and Logistic Regression using 
performance metrics such as accuracy, precision, recall, F1-score, and AUC-
ROC. While XGBoost emerged as the most accurate model, we moved beyond 
accuracy to explore the root causes of such strong performance. To accomplish 
this, we employed three key XAI techniques: SHAP (SHapley Additive exPlana-
tions) to quantify how individual features influenced predictions, LIME (Local 
Interpretable Model-Agnostic Explanations) to provide intuitive, local-level ex-
planations for individual predictions, and Permutation Feature Importance to as-
sess which features most affected model performance when altered. These meth-
ods transformed XGBoost from a high-performing black-box into a transparent 
and trustworthy diagnostic tool. Our findings underscore how integrating ex-
plainability into AI pipelines leads to not just accurate predictions, but also clini-
cally actionable insights highlighting the most important risk factors for cardio-
vascular disease and supporting more informed, responsible medical decisions. 
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1. Introduction 

In the age of artificial intelligence, machine learning models are increasingly being 
used to assist in medical diagnoses and treatment planning. While these models 
have shown impressive accuracy in various domains, including healthcare, a 
growing concern remains: can we trust a model without fully understanding its 
decision-making process? This issue is particularly critical in clinical settings, where 
the outcomes of AI predictions can significantly affect human lives. 

In response to this challenge, Explainable Artificial Intelligence (XAI) has emerged 
as a vital field of research. XAI focuses on developing models and techniques that 
allow both experts and non-specialists to understand and interpret how AI sys-
tems reach their conclusions. A particularly relevant contribution in this space is 
the comprehensive review by Sadeghi et al. [1], which categorizes a wide array of 
XAI methods, including feature-oriented explanations, global and local interpret-
ability tools, concept-based models, surrogate models, and human-centric ap-
proaches. They argue that AI must be explainable to be safely and ethically used 
in medicine, a necessity not only technical but also moral, since clinicians and 
patients deserve to understand how decisions are made. 

The need for explainable models is particularly urgent in the context of cardio-
vascular disease (CVD), one of the leading causes of death worldwide [2]. Early 
detection and effective prevention of CVD rely heavily on accurate risk prediction. 
However, accuracy alone is insufficient; clinicians must be able to trust the model’s 
output and understand the rationale behind each prediction. For instance, if an 
AI model indicates that a patient is at high risk of developing heart disease, a doc-
tor needs to know whether that prediction was influenced more by the patient’s 
age, cholesterol level, blood pressure, or another factor [3]. XAI helps doctors 
make informed, personalized, and confident decisions for their patients. 

Inspired by these findings, this study explores the application of explainable 
machine learning models for predicting cardiovascular disease. It evaluates both 
traditional and advanced algorithms including Logistic Regression (LR), Decision 
Trees (DT), Support Vector Machines (SVM), K-Nearest Neighbors (KNN), en-
semble methods like Random Forest and XGBoost, and deep learning models such 
as Long Short-Term Memory (LSTM) networks [4]. While these models differ in 
complexity and predictive power, a common challenge remains: the need to ex-
plain their predictions in a clear and meaningful way. 

This study addresses this challenge by incorporating SHapley Additive exPlana- 
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tions (SHAP), a powerful XAI tool that quantifies the contribution of each input 
feature to the model’s output. By doing so, it bridges the gap between performance 
and transparency, offering a model that is not only accurate but also interpretable 
and clinically useful [5]. SHAP values assist in quantifying the relative importance 
of characteristics like age, blood pressure, and cholesterol levels, which may have 
differing degrees of impact on the risk of heart disease. 

The integration of XAI and advanced machine learning techniques ensures that 
predictions are both accurate and explicable. Validating model reasoning promotes 
more informed healthcare interventions, enhances clinical decision-making, and mit-
igates biases [6]-[12]. XAI serves as a pillar for the ethical and efficient application of 
AI in medical diagnostics, boosting trust in predictions aided by machine learning. 

Moreover, recent studies across various medical domains further underscore the 
importance of explainable AI. In neurological disorders, SHAP has been used to in-
terpret classifiers such as Random Forest and SVM for Parkinson’s disease diagnosis, 
achieving an accuracy of 85% despite challenges with missing data in electronic 
health records. For epilepsy detection, tree-based ensemble models combined with 
SHAP explanations achieved a mean accuracy of 99.5%. Pulmonary disease classifi-
cation using CNN and XGBoost reached 97.43% accuracy with SHAP providing fea-
ture importance insights [13], while VGG16 with Grad-CAM for pneumonia detec-
tion achieved 95.6% accuracy. Ophthalmologic applications, including glaucoma and 
retinal disease detection, leveraged visual explanation tools such as saliency maps, 
Grad-CAM, and eye-tracker data to enhance interpretability [14]. Developmental 
disorders such as autism spectrum disorder were also addressed using XAI ap-
proaches, achieving high accuracy with transparent feature contributions [15]. 

Lastly, explainability has been applied to more complex imaging and signal 
tasks, including macromolecular complex identification, laparoscopy video anal-
ysis, ECG-based hypoglycemia detection, and colorectal cancer classification. 
These studies demonstrate that combining high-performing machine learning 
models with interpretable tools not only improves diagnostic reliability but also 
addresses challenges related to data heterogeneity, model generalizability, and do-
main-specific interpretability. 

Overall, these findings highlight the essential role of XAI in building ethical, 
trustworthy, and clinically useful AI systems, particularly in cardiovascular med-
icine. By integrating explainable models with high predictive performance, this 
work aims to improve early detection strategies and guide better medical decisions 
through transparent AI systems [16]-[20]. 

2. Proposed Approach for Heart Disease Prediction and  
Evaluation 

We have used a variety of machine learning classifiers to predict cardiovascular 
diseases. We combine classical and advanced methods to improve diagnostic ac-
curacy. The proposed methodology consists of four main phases: data collection, 
preprocessing, model selection, training, predictive analysis, and performance 
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assessment. The overall workflow is summarized in Algorithm 1. 
The algorithms are selected based on their well-known performance in heart 

disease prediction, as well as their suitability for classification problems and han-
dling the attributes of the dataset [21]. The Logistic Regression model is used as 
the base model due to its simplicity and interpretability, serving as a stable bench-
mark for binary classification tasks. Both Decision Trees and Random Forests are 
employed for their ability to model complex feature interactions. Gradient Boost-
ing and XGBoost are utilized for their powerful ensemble techniques, which are 
fine-tuned for optimal performance especially on imbalanced medical datasets. 
XGBoost is particularly efficient and often achieves state-of-the-art performance 
in machine learning benchmarks. 

In this work, we also study LSTM, a sequential data model traditionally used 
for dynamic data, applied here to static tabular data. Given its ability to maintain 
long-term dependencies and capture complex patterns, incorporating LSTM can 
offer meaningful insights into the generalization of deep learning architectures in 
structured medical data. 

These explainability techniques were applied after model selection, enabling a de-
tailed and trustworthy understanding of the decision-making process, which is par-
ticularly important in the medical domain. To enhance the interpretability of our pre-
dictive system, we integrated three explainable AI (XAI) methods into our approach. 
Specifically, we employed SHAP (SHapley Additive Explanations) to obtain both 
global and local insights into the feature contributions, LIME (Local Interpretable 
Model-Agnostic Explanations) to analyze model behavior on specific individual pre-
dictions, and Permutation Feature Importance [22] to evaluate the global impact of 
each feature by measuring the effect of shuffling its values on model performance. 

The step-by-step procedure of our proposed methodology is detailed in Algo-
rithm 1, which provides the pseudo-code representation of the process from data 
preprocessing to feature interpretation. 

To complement Algorithm 1, Figure 1 illustrates the overall pipeline from data 
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Figure 1. Proposed pipeline for heart disease prediction and model interpretation.  

 
preprocessing to model interpretation. This diagram summarizes the key steps 
involved in developing an interpretable predictive model for cardiovascular dis-
ease classification. 
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The process is divided into four key phases: data preprocessing, model training 
and evaluation, model selection, and interpretation using explainable AI tech-
niques such as SHAP, LIME, and Permutation Importance. This modular ap-
proach ensures both accurate prediction and interpretability of the outcomes, as 
illustrated in Figure 1. 

2.1. Data Preprocessing 

At this stage, the raw data are cleaned and normalized to ensure compatibility 
with machine learning models. Continuous variables are scaled, categorical vari-
ables are encoded, and any outliers are addressed. Correlation analysis is also per-
formed to identify relationships between features and their impact on cardiovas-
cular disease. These preprocessing steps are summarized in the following Figure 
2. 

 

 
Figure 2. Normalized feature summary statistics. 

2.2. Data Normalization 

Normalization is a crucial preprocessing step in data mining and machine learn-
ing, aiming to transform data into a consistent format that enhances precision, 
integrity, and reduces redundancy and inconsistency. This process ensures that 
data is structured in an optimal and uniform manner. Normalization becomes 
especially important when there are significant variations in the ranges of differ-
ent features and is particularly useful when outliers are not present in the dataset. 

Various normalization techniques exist, including Decimal Scaling, Unit Vec-
tor Normalization, Z-Score Normalization, Log Transformation, and Min-Max 
Normalization. 

In our study, we applied the Min-Max normalization method to scale the data 
within a range of 0 to 1. This technique was selected for its simplicity and 
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effectiveness in supporting distance-based algorithms. However, noteworthy that 
the minimum and maximum values might not always accurately represent the 
data, which could potentially lead to some loss of information. Below, we briefly 
describe the normalization techniques used in our study. 

2.2.1. Min-Max Normalization 
Min-Max normalization works by performing linear transformations on the orig-
inal data, adjusting the values so that they fall within a predefined range (usually 
between 0 and 1). This ensures that the relationships between the original data 
values are maintained. The formula for this process is provided by [23]: 

 ( )
( ) ( )new

min
max min

X X
x

X X
−

=
−

 

where: 
• X  represents the original value, 
• ( )max X  is the maximum value in the dataset, 
• ( )min X  is the minimum value in the dataset. 

2.2.2. Decimal Scaling Normalization 
Another normalization approach used in our study involves the following equation: 

 *

10 j

xx =  

where j  is defined as: 

 ( )( )10log max ij x=  

with ( )max ix  being the maximum absolute value of the data. 
These normalization techniques ensure that the data are scaled appropriately 

for further analysis, maintaining their integrity while making them suitable for 
algorithmic processing. 

In general, normalization guarantees that all characteristics are at a uniform level, 
preparing the dataset for use with machine learning algorithms. The correlation be-
tween the different variables is shown in Figure 3: A correlation matrix is a table 
that displays the correlation coefficients between multiple variables. Each cell in the 
matrix represents the correlation between a pair of variables, with values ranging 
from −1 to 1. A correlation coefficient close to 1 indicates a strong positive correla-
tion, implying that as one variable increases, the other variable tends to increase as 
well. A coefficient close to −1 indicates a strong negative correlation, meaning that 
as one variable increases, the other variable tends to decrease. A coefficient around 
0 indicates no linear relationship between variables. The matrix provides a compre-
hensive view of the relationships and dependencies between all pairs of variables, 
helping to identify patterns and potential multicollinearity issues in the data. 

2.3. Feature Correlation and Its Role in Explainable AI (XAI) 

The correlation matrix (Figure 3) offers crucial insights into how features relate  
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Figure 3. Correlation matrix of clinical and diagnostic features related to cardiovascular disease. 

 
to one another and to the target variable cardiovascular disease presence. This 
matrix helps identify strong linear relationships and potential multicollinearity 
issues, guiding both feature selection and model design. 

Beyond preprocessing, these correlations are also integral to Explainable AI 
(XAI). Methods like SHAP (SHapley Additive exPlanations) and LIME (Local In-
terpretable Model-agnostic Explanations) rely on understanding the contribution 
of each input feature to a model’s prediction. When a feature exhibits high corre-
lation with the target (e.g., cholesterol levels or resting blood pressure), XAI tech-
niques can confirm whether the model relies heavily on this feature and if so, how 
it interacts with others. 

In this context, the correlation matrix supports explainability in two key ways: 
• Feature Importance Validation: XAI methods like SHAP quantify each fea-

ture’s impact on predictions. Correlation helps verify whether these attribu-
tions align with domain knowledge (e.g., high correlation between age and 
heart disease risk). 

• Reducing Redundancy: Highly correlated features can introduce bias or re-
dundant explanations. Correlation analysis allows us to refine inputs for more 
transparent explanations from XAI methods. 

Thus, correlation analysis not only supports data integrity but also enhances 
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model interpretability by laying the foundation for reliable and clinically meaningful 
XAI insights. This synergy between statistical analysis and explainable modeling 
ensures our heart disease prediction framework is both robust and trustworthy. 

3. Model Training and Evaluation 

This study used deep learning architectures, ensemble methods, and conventional 
machine learning models to investigate a wide range of classification techniques. 
Logistic Regression, Decision Trees, K-Nearest Neighbors (KNN), Support Vector 
Machines (SVM), Random Forest, and Multi-Layer Perceptrons (MLPs) were 
among the traditional models. Because they can capture non-linear feature inter-
actions and improve predictive accuracy, ensemble learning techniques like Gra-
dient Boosting, AdaBoost, and XGBoost were included. 

Long Short-Term Memory (LSTM) networks were incorporated for deep learn-
ing even though their main purpose was sequential data processing. Using their 
ability to detect intricate feature dependencies that could enhance the prediction 
of heart disease, this study investigates their viability for static tabular datasets. 
The dataset was transformed into a 3D input format that is compatible with LSTM 
in order to facilitate this adaptation. Each record was organized into pseudo-se-
quences that allowed for efficient learning. Dropout mechanisms were incorpo-
rated into the LSTM model architecture to prevent overfitting, and the LSTM 
layer was followed by dense layers. 

3.1. Evaluation Metrics in XAI for Digital Health 

Evaluating the performance of AI models especially in critical domains like digital 
health requires more than a single metric. Relying solely on accuracy can be mis-
leading, particularly in imbalanced datasets. Therefore, multiple complementary 
metrics are used to gain a comprehensive understanding of a model’s reliability. 
Table 1 summarizes the key evaluation metrics commonly employed in explain-
able AI (XAI) applied to healthcare. 

These metrics should be interpreted in context. For instance, high recall is 
typically favored in disease detection, while high precision may be prioritized in 
screening scenarios where minimizing false positives is critical. The F1 Score 
and AUC offer more balanced and threshold-independent measures of model 
performance. 

In this study, eight machine learning classifiers representing a range of inter-
pretable and high-performance approaches were evaluated. Their classification 
performance was assessed using the metrics listed in Table 1. 

3.2. Classifier Performance Analysis 

To provide a thorough comparison of classification effectiveness, each model’s 
performance was evaluated using accuracy, precision, recall, F1-score, and AUC-
ROC. The findings showed significant differences between algorithms, which are 
summed up as follows in Table 2: 
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Table 1. Summary of key evaluation metrics used in XAI-based medical models. 

Metric Formula Description 

Accuracy TP TN
P N
+
+

 Overall correctness of the model. Can be misleading 
in imbalanced datasets where one class dominates. 

Precision TP
TP FP+

 Proportion of predicted positive cases that are 
actually positive. Important when false positives 
carry high risk. 

Recall 
(Sensitivity) 

TP
TP FN+

 Proportion of actual positives correctly identified. 
Critical when missing a condition (false negative) is 
dangerous. 

F1 Score 2 Precision Recall
Precision Recall
× ×

+
 Harmonic mean of precision and recall. Useful 

when balancing false positives and false negatives. 

AUC (ROC 
Curve) 

Area under TPR vs 
FPR curve 

Measures model performance across all 
classification thresholds. A higher AUC indicates 
better overall discrimination. 

 
Table 2. Performance metrics for different classification models. 

Model Acc. Prec. (No/Yes) Rec. (No/Yes) F1 (No/Yes) 

Logistic Regression 80.49% 0.86/0.76 0.73/0.88 0.79/0.82 

KNN 85.85% 0.86/0.86 0.85/0.86 0.86/0.86 

Decision Tree 95.61% 0.95/0.96 0.96/0.95 0.96/0.96 

Random Forest 100.00% 1.00/1.00 1.00/1.00 1.00/1.00 

Gradient Boosting 93.66% 0.94/0.93 0.93/0.94 0.94/0.94 

XGBoost 98.54% 0.97/1.00 1.00/0.97 0.99/0.99 

SVM 86.83% 0.88/0.86 0.85/0.88 0.87/0.87 

MLP (Neural Net) 87.32% 0.91/0.84 0.82/0.92 0.87/0.88 

LSTM 80.49% 0.87/0.76 0.72/0.89 0.78/0.82 

 
Logistic Regression served as the baseline model. It achieved an accuracy of 

80.5%, with a precision of 0.86 and a recall of 0.73 for the "No Heart Disease" class, 
and 0.76 precision and 0.88 recall for the “Heart Disease” class. This confirms that 
while logistic regression is interpretable and easy to train, it has limited capacity 
to capture complex relationships in the data. 

K-Nearest Neighbors (KNN) yielded a better accuracy of 85.9%. Both classes 
achieved balanced precision and recall (0.86), resulting in an overall F1-score of 
0.86. This improvement is attributed to KNN’s ability to capture local structures, 
although it is computationally expensive for larger datasets. 

Decision Tree classification significantly boosted accuracy to 94.6%. It achieved 
0.95 precision and recall across both classes. This model captures non-linear inter-
actions well but may overfit on small datasets if not properly regularized. 

Random Forest reached an outstanding accuracy of 98.5%. The model 

https://doi.org/10.4236/oalib.1114071


N. Z. Dammak et al. 
 

 

DOI: 10.4236/oalib.1114071 11 Open Access Library Journal 
 

demonstrated 0.97 precision and 1.00 recall for “No Heart Disease”, and 1.00 pre-
cision and 0.97 recall for “Heart Disease”, with an overall F1-score of 0.99. As an 
ensemble method, it combines multiple decision trees, improving generalization 
while reducing overfitting. 

Gradient Boosting also performed excellently, with a 93.7% accuracy. Preci-
sion and recall were around 0.94 for both classes. This method incrementally 
builds learners and is particularly strong in managing class imbalance, though it 
is slower to train. 

XGBoost matched Random Forest with an accuracy of 98.5%. It achieved the 
same high precision and recall scores, with an F1-score of 0.99. However, XGBoost 
was slightly more balanced, showing better handling of difficult samples in the 
minority class. Its efficiency and regularization make it highly effective on struc-
tured datasets. 

Support Vector Machine (SVM) obtained an accuracy of 86.8%, with preci-
sion and recall values around 0.87. It showed strong performance but is more sen-
sitive to parameter tuning and less scalable to larger datasets. 

Multilayer Perceptron (MLP) achieved an accuracy of 83.9%. It had slightly 
lower recall for the “No Heart Disease” class (0.80), but compensated with a higher 
recall for “Heart Disease” (0.87). The MLP can capture complex relationships but 
may require larger datasets and careful hyperparameter tuning to reach full po-
tential. 

To better understand how our machine learning model makes decisions, we 
used three complementary explainability techniques: SHAP, LIME, and Permuta-
tion Feature Importance. Each of these tools gives us a different perspective on 
how the model works. 

SHAP helps us see both the big picture and individual predictions by showing 
how much each feature contributes, positively or negatively, to the model’s out-
put. LIME, on the other hand, zooms in on a single prediction and builds a simple 
model around it, making it easier to understand what influenced that specific de-
cision. Permutation Feature Importance gives us a broader view by showing which 
features the model relies on the most measuring how the model’s accuracy 
changes when we shuffle the values of each feature. 

By combining these three approaches, we get a fuller, clearer picture of the 
model’s behavior. This not only helps us interpret results more effectively but also 
increases our confidence in how the model reaches its conclusions something es-
pecially important when dealing with sensitive areas like healthcare. 

4. Explainable AI (XAI) 

While ensemble models like Random Forest and XGBoost deliver state-of-the-art 
predictive performance, their decision-making processes are often opaque mak-
ing them difficult to interpret and potentially limiting their acceptance in clinical 
practice. In high-stakes domains like healthcare, understanding the rationale be-
hind a prediction is as important as the prediction itself. 
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To address this challenge, we incorporated three complementary explainability 
techniques SHAP, LIME, and Permutation Feature Importance to illuminate the 
inner workings of our models and provide a more interpretable foundation for 
clinical decisions. 

SHAP (SHapley Additive exPlanations) offers both global and local interpret-
ability by quantifying how each feature contributes to a prediction, either posi-
tively or negatively. For example, SHAP values can highlight how attributes like 
cholesterol level or maximum heart rate influence the model’s assessment of car-
diovascular risk. This method also helps clinicians understand the overall im-
portance of each feature across the dataset. 

LIME (Local Interpretable Model-Agnostic Explanations) focuses on indi-
vidual predictions, generating simple surrogate models to approximate complex 
model behavior around a specific instance. This allows us to explain specific deci-
sions such as why a particular patient was flagged as high risk based on the most 
influential features in that context. 

Permutation Feature Importance, on the other hand, provides a broader per-
spective by evaluating how shuffling the values of each feature affects model ac-
curacy. This highlights which features the model depends on most to maintain 
predictive performance. 

By combining these three methods, we gain a comprehensive understanding of 
model behavior balancing global insights with local clarity. This layered interpret-
ability not only strengthens trust in predictions but also supports ethical and 
transparent AI use in healthcare. Importantly, it ensures that machine learning 
models are not just accurate, but also understandable and accountable key factors 
in medical decision-making [24] [25]. 

Medical diagnostic interpretability is limited by the fact that machine learning 
models, especially sophisticated algorithms like XGBoost, frequently function as 
“black-box” systems. For the XGBoost and LSTM models, Shapley Additive ex-
Planations (SHAP) were used to guarantee clear and trustworthy predictions. By 
measuring the impact of individual characteristics, such as age, blood pressure, 
and cholesterol levels, on heart disease risk predictions, SHAP values shed light 
on feature importance. 

Clinicians can make well-informed decisions based on AI-generated insights 
thanks to this study’s integration of XAI techniques, which guarantees that pre-
dictive performance is both optimized and explicable. This method reduces biases, 
strengthens the ethical application of AI in healthcare, and increases confidence 
in machine learning-assisted diagnostics. 

4.1. Model Performance Analysis 

The dataset was split into training (n = 820) and test (n = 205) subsets in order to 
assess the predictive accuracy of different machine learning models. A representa-
tive distribution of patient characteristics was ensured by the constant mean age 
of participants in both sets. By stratifying important diagnostic characteristics like 
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thalassemia, ST depression, maximum heart rate, and type of chest pain, bias in 
model evaluation was reduced. 

Shapley Additive exPlanations (SHAP), which offer insights into feature con-
tributions, were applied to the XGBoost model to improve model interpretability. 
The impact of each variable is visualized in the SHAP summary plot, which high-
lights important characteristics affecting the risk of heart disease. The most sig-
nificant features were blood pressure, cholesterol, and age, confirming their use 
in predictive analytics. 

This study highlights the potential of AI-driven diagnostics in the prediction of 
cardiovascular disease by combining explainable AI with sophisticated machine 
learning techniques. The strong evaluation metrics and visual analyses support 
the need for clear and understandable models in healthcare applications by facil-
itating well-informed clinical decision-making. Subheadings may be used to sep-
arate this section. The results of the experiment, their interpretation, and any in-
ferences that can be made from them should all be succinctly and precisely de-
scribed. 

4.2. Shapley Additive Explanations (SHAP) 

One effective and popular Explainable Artificial Intelligence (XAI) method is 
Shapley Additive Explanations (SHAP). SHAP offers a theoretically supported 
method for attributing a machine learning model’s output to its input features, 
with its roots in cooperative game theory. 

In a cooperative game, each feature of a particular instance is regarded as a 
“player,” and the model’s prediction is the “payout.” The objective is to equitably 
divide this reward among the features according to how each one contributed to 
the prediction. 

The average marginal contribution of each feature across all possible feature 
combinations is represented by the SHAP values. The consistency and local accu-
racy of the attributions are ensured by these values, which also meet Shapley’s 
fairness axioms. 

Shapley Value Definition 
The Shapley value ( ),i f xφ  for the i -th feature of an instance x  with respect 
to a model f  is defined as: 

 ( )
{ }

( ) { }( ) ( )
\

! 1 !
,

!i x x
S N i

S N S
f x f S i f S

N
φ

⊆

− −
 = ∪ − ∑  (1) 

where: 
• N  is the set of all input features. 
• S  is a subset of features not containing feature i . 
• S  is the number of features in S . 
• ( )xf S  is the prediction made by the model using only the features in S , with 

all other features marginalized or held at baseline values. 
• { }( )xf S i∪  is the prediction when feature i  is added to subset S . 
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The coefficient 

 
( )! 1 !

!
S N S

N
− −

 

is known as the Shapley weight, ensuring that all feature orderings are considered 
equally. 

5. Model Explanation Consistency 

One of the key properties of SHAP is that the sum of all SHAP values for a given 
instance equals the difference between the model’s output for that instance and 
the average model prediction: 

 ( ) ( ) ( ),i
i N

f x f x f xφ
∈

= +   ∑  (2)
 

This additive property makes SHAP explanations particularly intuitive and in-
terpretable, as they provide a clear decomposition of a prediction. 

Interpretation of SHAP 
Interpreting SHAP values provides both global and local insights. Locally, one 

can examine the SHAP values for each feature of a single prediction to understand 
how much each feature contributed to the outcome and in what direction. A pos-
itive SHAP value implies that the feature increased the model’s prediction, while 
a negative value suggests the opposite. Globally, aggregating SHAP values over a 
dataset offers insights into overall feature importance, indicating which features 
consistently have more influence on predictions. SHAP values also help identify 
interactions between features by quantifying both individual and pairwise effects. 

The XAI analysis utilized the XGBRegressor model from XGBoost. Feature im-
portance was first evaluated using permutation importance. To interpret the 
model’s predictions, SHAP (SHapley Additive exPlanations) was employed. Two 
types of visualizations were generated: a SHAP summary plot for global interpre-
tation (Figure 4), and a SHAP force plot for local explanation of a specific predic-
tion (Figure 5). 

The SHAP summary plot in Figure 4 shows the distribution of SHAP values for 
each feature across all predictions, providing a comprehensive view of global fea-
ture influence. The SHAP force plot in Figure 5 explains an individual prediction, 
where features that increase the prediction are highlighted in red, and those that 
decrease it in blue. 

Visualization and Model Performance Analysis 
To effectively compare model predictions against actual heart disease cases, in-

teractive bar charts were generated using Plotly. These visualizations provided a 
clear representation of predicted versus actual outcomes, allowing for an intuitive 
understanding of model accuracy across various age groups. By displaying these 
results interactively, the charts helped identify performance discrepancies among 
models and highlighted specific trends in heart disease prevalence. 

The integration of both traditional and advanced machine learning techniques  
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Figure 4. SHAP summary plot showing the global feature importance and the distribution of 
SHAP values for each feature across the dataset. 

 

 
Figure 5. SHAP force plot visualizing the impact of each feature on a specific prediction. Features 
pushing the prediction higher appear in red, while those reducing it appear in blue. 
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established a robust predictive framework for heart disease detection. Evaluation 
metrics, combined with visual analysis, provided crucial insights into each 
model’s strengths and limitations, guiding future refinements and clinical appli-
cations. This data-driven approach reinforces the significance of machine learning 
in healthcare, particularly in improving diagnostic precision and early interven-
tion strategies. Figure 6 and Figure 7 illustrate the SHAP-based interpretation of 
the XGBoost model. Specifically, Figure 6 shows the mean absolute SHAP values 
across all features, identifying the most influential variables in the model’s deci-
sions. Figure 7 presents a force plot explaining a single prediction, highlighting 
how specific features push the model’s output toward or away from a certain clas-
sification. 

 

 
Figure 6. Mean absolute SHAP values: XGBoost on the data. 

 

 
Figure 7. Mean absolute SHAP values. 

5.1. Understanding LIME (Local Interpretable Model-Agnostic  
Explanation) 

LIME, is a powerful method used to explain predictions made by complex ma-
chine learning models. Its primary goal is to provide local, understandable in-
sights into why a model made a specific prediction. Rather than trying to explain 
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the model as a whole, LIME focuses on explaining individual predictions in a way 
that humans can interpret. The way LIME works is by creating small, local expla-
nations around the specific data point in question. It does this by generating per-
turbations (or variations) of the instance being explained. Essentially, this in-
volves modifying some of the data features while keeping others, and then passing 
these altered instances through the original “black-box” model. By observing how 
the model reacts to these changes, LIME is able to approximate the decision-mak-
ing process of the model with a simpler, more interpretable model, such as a linear 
model or decision tree. What makes LIME particularly valuable is its ability to 
take any black-box model no matter how complex or opaque it is and to produce 
explanations that help to understand the reasoning behind the model’s predic-
tions. This is similar to another popular technique, SHAP, which also aims to shed 
light on how machine learning models make their decisions. The difference is that 
LIME works locally, focusing on individual predictions, which provides a more 
granular level of insight. The method is not dependent on the inner workings of 
the model. Instead, it works by observing how the model behaves with different 
inputs and outputs. The key here is that it creates a local approximation, meaning 
it only looks at the region around the specific instance we are interested in. This 
makes the explanations more relevant and understandable, as it narrows the fo-
cus down to a specific scenario instead of trying to explain the entire model. LIME 
approach is driven by a formula that balances accuracy and simplicity. The goal 
is to build an interpretable model that closely mimics the black-box model’s be-
havior for the instance at hand, while avoiding overly complex explanations. Es-
sentially, LIME tries to find a trade-off between accuracy (how well the simple 
model approximates the black-box model) and simplicity (how easy it is for hu-
mans to understand the explanation). The formula can be expressed as follows 
[26]: 

 ( ) ( )( ) ( )( )argmin , ,LIME
g G

x L f g x gπ
∈

= +Ω  (3) 

In the formula: 
• f  is the original complex model. 
• g  is the simpler, interpretable model that we aim to build. 
• ( )( ), ,L f g xπ  is the loss function that measures how closely the simple model 

g  approximates the predictions of the original model f  for the instance x . 
• ( )gΩ  represents the complexity of the model g , which we want to minimize 

to ensure interpretability. 
• ( )xπ  defines the neighborhood of the data point x  and how perturbations 

are created around it. 
One of the key strengths of LIME is its model-agnostic nature. This means that 

LIME can be used with any type of model, regardless of how complicated or how 
little we know about its internal workings. It doesn’t require access to the model’s 
internals, which makes it an incredibly flexible tool for explaining predictions 
across a wide range of machine learning algorithms. 
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In summary, LIME is a versatile and insightful tool for explaining the decisions 
made by machine learning models, especially those that are complex and difficult 
to interpret. By focusing on local explanations, LIME helps bridge the gap 
between complex model predictions and human understanding, ensuring that 
machine learning models are not only accurate but also transparent and trustworthy. 

5.1.1. LIME Visualization and Interpretation 
To enhance the transparency of our model predictions, we applied the LIME (Lo-
cal Interpretable Model-Agnostic Explanations) technique, which helps explain 
individual predictions by approximating the model locally with a simpler, inter-
pretable model. This makes it possible to understand which input features influ-
enced a specific decision, even for complex models. 

Each LIME visualization is composed of three main parts: 
• The left panel shows the predicted probability for the data instance. 
• The middle section lists the most important features that contributed to the 

prediction. 
• The right panel displays the actual values of those input features. 

In the True Negative case, we observe that only one feature, ca, slightly sup-
ports the positive class, while all other variables contribute to the negative predic-
tion. This suggests that fewer features are involved in confirming negative out-
comes. 

On the other hand, the True Positive prediction involves a greater number of 
features (except trestbps and fbs) that actively support the positive class. This 
shows that multiple factors are contributing to the model’s confidence in identi-
fying a positive case. 

By incorporating LIME, we gain valuable insight into the inner workings of our 
models, bridging the gap between predictive performance and interpretability. 

5.1.2. Interpretation of LIME Explanations 
The LIME visualizations generated for three test instances offer a clear and intui-
tive understanding of the model’s decision-making process. In the first and sec-
ond cases, both classified correctly as Cardio (i.e., presence of heart disease), the 
model predicted high probabilities of 97.93% and 97.85%, respectively. Several 
features played a decisive role in these predictions. Notably, the absence of major 
vessels (num_major_vessels ≤ 0.00), low levels of thalassemia, and specific cho-
lesterol ranges had strong positive contributions. These were complemented by 
other supportive factors such as low ST depression and certain heart rate ranges. 
While some features like chest pain type slightly pulled the prediction away from 
a Cardio outcome, their impact was comparatively minor. 

In the third instance, the model correctly predicted a No Cardio outcome (ab-
sence of heart disease) with a very low probability for Cardio (0.14%). Here, pro-
tective features such as moderate age and low ST depression negatively influenced 
the likelihood of a Cardio classification. Although some risk-related features, in-
cluding high cholesterol and the presence of visible vessels, showed positive 
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contributions toward the Cardio class, the overall influence of protective indicators 
led the model to a confident and accurate prediction. 

These explanations confirm that the model does not operate as a black box: it 
relies on clinically relevant features and their nuanced interactions. LIME serves 
as a powerful interpretability tool, offering transparency in how predictions are 
formed, which is especially valuable in sensitive domains like healthcare. An illus-
tration of these LIME-based explanations for the three selected test instances is 
shown in Figure 8. 

 

 
Figure 8. Comparison of feature importance methods. 

5.2. Permutation Feature Importance 

Permutation Feature Importance provides a practical and intuitive way to under-
stand which input variables have the greatest impact on a model’s performance. 
The approach works by randomly shuffling the values of each feature and observ-
ing how this affects the model’s accuracy. If shuffling a feature causes a noticeable 
drop in performance, that feature is likely important. 

In our study, we applied this method to the XGBoost classifier to evaluate the 
role of each feature in predicting cardiovascular disease. Among the top contrib-
utors were num_major_vessels, chest_pain_type, age, and thalassemia_type, all of 
which are consistent with known medical risk factors. These results validate the 
model’s clinical relevance and also highlight how permutation importance can 
uncover globally impactful features, even those that may not be frequently used 
in internal model splits [7]. The ranking of feature importance obtained through 
this method is illustrated in Figure 9. 
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Figure 9. Permutation feature importance. 

6. Feature Importance Comparison: XGBoost, Permutation,  
SHAP, and LIME 

To better understand and trust the predictions made by our heart disease classifi-
cation model, we incorporated four complementary explainability methods: 
XGBoost’s built-in feature importance, Permutation Feature Importance, SHAP 
(SHapley Additive Explanations), and LIME (Local Interpretable Model-Agnostic 
Explanations). Each method offers a unique lens to examine the model’s behavior 
ranging from global trends to local, instance-specific insights. 

Explanation Techniques Overview 

XGBoost Feature Importance reflects how frequently and effectively each fea-
ture is used to split data in the model’s trees, providing a high-level view of what 
drives decision-making across the dataset. 

Permutation Importance evaluates the importance of features by measuring 
how much performance drops when their values are randomly shuffled. Unlike 
XGBoost’s internal metric, this method is model-agnostic and directly linked to 
predictive accuracy. 

SHAP Values take a game-theoretical approach by calculating how much each 
feature contributes to an individual prediction, accounting for all possible feature 
interactions. SHAP is especially valuable for understanding both global and local 
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behavior. LIME focuses on specific predictions. It builds an interpretable model 
around a single instance by perturbing the data slightly and observing the effect 
on the prediction. LIME excels at explaining decisions in a way that’s accessible, 
especially when dealing with binary or engineered features. 

7. Results and Interpretation 

Table 3 summarizes the top features’ importance scores assigned by SHAP, LIME, 
and Permutation methods. Several patterns emerge across methods. Most notably, 
num_major_vessels, thalassemia_type, and chest_pain_type are consistently 
highlighted as influential features. This agreement across techniques adds robust-
ness to our interpretation of these features as critical risk factors. Some interesting 
differences also appear. For example, sex and exercise_induced_angina are given 
greater weight in SHAP and LIME than in permutation importance or XGBoost. 
This suggests that while they may not be dominant at the global level, they signif-
icantly influence specific predictions a nuance that instance-level explanations can 
reveal. 

Together, these methods provide a more complete and transparent view of the 
model’s reasoning, which is particularly important in high-stakes domains like 
healthcare. By combining global and local perspectives, we ensure that the model’s 
predictions are not only accurate but also explainable and trustworthy. 

 
Table 3. Feature importance comparison: SHAP, LIME, and permutation. 

Feature SHAP Value LIME Value 
Permutation 
Importance 

num_major_vessels 0.3269 0.2283 0.1259 

thalassemia_type 0.0542 0.1862 0.0746 

chest_pain_type −0.1017 −0.1762 0.1259 

st_depression 0.0881 0.1007 0.0712 

exercise_induced_angina 0.0292 0.0843 0.0215 

sex 0.0342 0.0817 0.0507 

st_slope_type 0.0275 0.0787 0.0346 

max_heart_rate_achieved 0.0344 0.0433 0.0673 

cholesterol 0.0369 0.0412 0.0620 

age 0.0022 −0.0260 0.0966 

Comparison of Importance Methods 

Each method brings unique strengths. XGBoost’s [27]-[29] internal importance 
helps us understand the model’s construction, highlighting the features it struc-
turally depends on. Permutation importance reveals which features most affect 
overall accuracy, even if they aren’t structurally central in the model. SHAP pro-
vides a detailed, consistent explanation framework, quantifying how each feature 
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pushes predictions toward higher or lower risk. Finally, LIME offers clear, in-
stance-specific justifications especially valuable in clinical settings where under-
standing individual cases is crucial. Feature Importance Comparison: SHAP, 
LIME, and Permutation 

By combining these tools, we gain a holistic view of model behavior. This multi-
angle approach is especially important in healthcare, where transparency, fairness, 
and reliability are essential for deploying machine learning responsibly. A com-
parative overview of the interpretability outputs produced by SHAP, LIME, and 
Permutation Importance is presented in Figure 10, highlighting how each method 
provides complementary insights into model decisions. 

 

 
Figure 10. Comparison: SHAP, LIME, and permutation. 

8. Conclusions 

In this work, we investigated how explainable artificial intelligence (XAI) tech-
niques can make powerful yet complex machine learning models more transpar-
ent and trustworthy in healthcare applications. While models like XGBoost offer 
excellent predictive performance, their inner workings often remain a black box, 
raising challenges for clinical adoption, where trust and accountability are critical. 
By comparing multiple explanation methods XGBoost importance, permutation 
importance, SHAP values, and LIME we uncovered how each technique brings its 
own perspective. Some, like permutation importance and SHAP, revealed influ-
ential features that XGBoost’s structure did not fully highlight, while LIME pro-
vided interpretable decision rules that can be more easily understood by clinicians. 

Each method has its own strengths: XGBoost shows how the model is built, 
permutation identifies features with real impact, SHAP gives consistent and the-
ory-backed insights, and LIME delivers user-friendly explanations. Taken 
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together, these complementary tools offer a more complete understanding of 
model behavior. Ultimately, integrating multiple XAI methods helps bridge the 
gap between predictive accuracy and clinical transparency, ensuring that machine 
learning models not only perform well but are also interpretable, reliable, and 
ready for real-world healthcare use. 
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