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Abstract

Heart disease is the leading cause of illness and death worldwide. Thus, there is an
increasing demand for developing appropriate diagnostic techniques. This paper presents an
explainable artificial intelligence hybrid model using a combination of SHapley Additive
ExPlanations and Extreme Gradient Boosting to perform interpretable feature explanation and
heart disease prediction. In this context, a dataset including 4,240 patient records with 15
clinical parameters was employed to validate the proposed model. XGBoost hyperparameters
were optimized for the best setting using a grid-based search combined with 10-fold cross-
validation. The conducted experiments showed that the proposed approach outperforms
traditional classifiers dealing with the same data. Thus, the F1-score, AUC, recall, accuracy,
and precision of the proposed methodology are 99.3%, 98.8%, and 0.97, respectively. SHAP
analysis provided both local and global feature attributions, revealing that cardiovascular risk
is strongly linked to age, systolic blood pressure, smoking status, and cholesterol level. This
hybrid design enhances the reliability of predictions and works well in physician decision-
support systems for the early detection and treatment of cardiovascular diseases. It also
supports clarity in clinical information and renders it more trustworthy.

Keywords: Heart Disease, Explainable Artificial Intelligence, XGBoost, Al Model,
Healthcare, Cardiovascular, Cardiac Disease.

1. Introduction

According to a study, cardiovascular diseases (CVDs) are the leading cause of death,
responsible for 17.9 million fatalities annually and constituting 32% of global mortality [1].
Heart disease, which is more common in the elderly, diabetics, those with high blood pressure,
and people who eat poorly, is one important contributing factor [2]. The WHO states that more
than 75% of CVD deaths occur in low and middle-income countries. This highlights the
significance of having accurate, scalable, and widely available diagnostic tools [3]. Even if
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they are successful, traditional diagnostic techniques including electrocardiography (ECG),
echocardiography, and blood biomarkers may vary from doctor to doctor and rely on
professional interpretation [4].

Machine learning (ML) models have shown a high level of effectiveness in predicting
cardiac diseases from organized patient data [5]. Due to their ability to handle high-dimensional
data, incorporate feature associations, and enhance through regularization and gradient
boosting, Extreme Gradient Boosting (XGBoost) has become popular [6]. Despite the higher
predictive accuracy, most ML/DL models offer little insight into the significance of specific
features in predictions [7]. Since physicians and other healthcare professionals need the models
to validate automated decisions and foster confidence in Al-assisted healthcare systems, this
lack of interpretability is a barrier to adoption in a high-stakes clinical setting [8§—10].

Predictive modeling frameworks have incorporated explainable artificial intelligence
(XAI) techniques to address this problem. One of the most reliable feature attribution systems
among them is SHapley Additive Explanations (SHAP), which provides both local and global
interpretability for patient predictions. Physicians could determine the relative significance of
clinical risk factors by incorporating SHAP into XGBoost. This bridges the gap between
accuracy and interpretability. The proposed hybrid approach increases clinical confidence and
potential acceptance by ensuring it is accurate and in line with accepted clinical decision
making.

The following summarizes the novel technical contributions of the proposed study.

1. The hybrid approach of XGBoost and SHAP enhances the prediction performance
and interpretability of heart and disease.

2. By assessing the local and global contributions of clinical factors, the proposed
approach permits risk classification based on medical justification.

3. In addition to classification accuracy, the model is designed to be explainable in a
clinical setting, providing doctors with comprehensible information about forecasts
for decision-making.

4. Suitable for large-scale healthcare datasets, XGBoost's gradient boosting with
regularization preserves computational efficiency and robustness against
overfitting.

5. The framework enables minimal modification for adaptation to various cardiac and
healthcare datasets.

6. By integrating explainability at both the local patient level and the global
population level, the methodology complies with ethical principles.

2. Literature Review

One of the main statistical risk scores utilized in early heart disease prediction
techniques was the Framingham Risk Score (FRS), which assessed cardiovascular risk by
taking into consideration factors such as age, diabetes, blood pressure, cholesterol, and
smoking [11]. FRS showed poor predictive efficiency despite its widespread use. The reported
accuracies varied from 65 to 72% across validation cohorts [12]. It was challenging to adapt to
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various patient groups due to its small number of variables and dependence on linear
assumptions. Similarly, long-term survival analysis for cardiovascular disease was conducted
using the Cox proportional hazards model. However, it had trouble handling the high-
dimensional data and non-linear correlations present in clinical datasets [13]. These drawbacks
prompted the shift to ML techniques to analyse intricate relationships between various risk
factors.

The prediction of heart disease has been studied using several traditional machine
learning algorithms. One of the first models to be used, Logistic Regression (LR), produced
accuracies of 70—80% on the dataset (303 samples, 14 features). However, its predictive power
declined when applied to larger and more unbalanced datasets [14]. With accuracies of 83 to
85% on the UCI dataset, SVMs demonstrated enhanced performance by managing non-linear
decision boundaries [15]. SVMs' scalability to very large datasets is limited by their
computational complexity and sensitivity to kernel selection. With RF models reaching
accuracy of up to 88% and AUC values close to 0.90 on moderate-sized cardiac datasets,
Decision Trees (DTs) and Random Forests (RFs) provided interpretability and robustness
against overfitting [ 16]. The direct clinical interpretability of ensemble-based models is limited,
despite their potential [17]. LightGBM is appealing for large-scale Electronic Health Record
(EHR) datasets because it showed similar results with faster training times [18]. Clinical
acceptance of these models is inhibited by the interpretability problem that complex ensemble
learners share.

Convolutional Neural Networks (CNNs) applied to 12-lead ECG signals achieved an
accuracy above 94% for arrhythmia detection using datasets such as MIT-BIH Arrhythmia (48
subjects, 48 half-hour excerpts) [19]. Similar to expert cardiologists, CNN-based methods
using echocardiographic imaging datasets, such as EchoNet-Dynamic (10,030 films), yielded
accurate ejection fraction calculations with an average absolute deviation of 4.1% [20].
Sequential ECG and patient monitoring data have also been evaluated using RNNs and LSTM
models on large-scale datasets like MIMIC-III, they have shown AUC values greater than 0.93
[21]. While deep learning models are accurate, they are commonly noted for their opacity, high
computational cost, and dependency on extremely large datasets with labels that are usually
not available in healthcare domains [22-24].

Despite the significant advances of Artificial Intelligence (AI) in heart disease
prediction, some unfilled research gaps persist. A significant difficulty is the limited
availability and imbalance of datasets, as many studies continues to depend on small-scale
archives like the UCI Heart Disease dataset (303 records) or the Cleveland dataset, which fail
to portray the depth and diversity of worldwide patient populations [25]. Although larger
repositories like MIMIC-III, UK Biobank, and EchoNet-Dynamic exist, they require advanced
preprocessing and substantial computational resources, restricting their use in mainstream
studies [26]. Furthermore, class imbalance with positive cases often representing less than 20%
of samples biases classifiers toward the majority class and reduces sensitivity in detecting
early-stage cardiac disease [27]. The inability of models provided to generalize across
populations is another drawback; performance often degrades when applied to diverse groups
due to variations in genetic predisposition, dietary habits, and environmental exposures [28].
In addition, most approaches still depend on risk factors such as cholesterol, blood pressure,
and glucose, overlooking rich multimodal data sources such as ECG signals, echocardiographic
imaging, wearable sensor streams, and genomic biomarkers that could enhance predictive
accuracy [29].
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Even when multi-modal data are considered, fusion strategies combining DL for
imaging and gradient boosting for tabular features remain underexplored [30]. While post hoc
explainability frameworks such as LIME are increasingly used, they are unstable, dataset-
dependent, and insufficient for clinical decision-making since they do not alter the internal
structure of the model [31]. Another gap is the underutilization of temporal and longitudinal
data, as most studies rely on static patient snapshots, ignoring disease progression patterns over
time. Although longitudinal datasets exist, irregular sampling rates, missing values, and
sequence complexities discourage the integration [32]. Computational feasibility also poses
challenges, since high-performing deep learning models demand GPU-level resources that are
not practical in resource-constrained or edge environments, limiting real-time applications in
wearable monitoring or point-of-care devices [33]. While edge-cloud collaborative
architectures have been proposed, their adoption in cardiac prediction remains scarce [34].
Additionally, evaluation practices lack consistency, with different works reporting diverse
metrics and often omitting external validation on independent cohorts, leading to potential
overfitting and overly optimistic results [35].

Finally, there is a limited focus on clinician-centered validation and human-in-the-loop
systems, as very few works assess how cardiologists interact with Al explanations or
incorporate expert feedback to refine predictions. Moreover, ethical issues such as fairness,
data privacy, and algorithmic bias are insufficiently addressed, further delaying clinical
translation [36].

Some research gaps still need to be filled in spite of these developments. First, many
researchers only use small datasets, which restricts the extent to which the results can be
applied. Second, while deep learning models perform well on large datasets, their lack of
explainability hinders their use in clinical processes. Third, existing XAl applications provide
explanations post hoc rather than integrating interpretability as a core design principle. Finally,
clinician-centered validation and human-in-the-loop systems receive less attention since there
aren't many studies evaluating cardiologists' interactions with Al explanations or using expert
input to improve predictions. Clinical translation is also further delayed by the inadequate
attention given to ethical concerns including algorithmic bias, fairness, and data privacy [36].

3. Dataset

The proposed research made use of the Framingham Heart Study (FHS) dataset [37].
In addition to one binary target variable indicating the ten-year likelihood of coronary heart
disease, it had 4,240 patient records with 15 clinical and demographic factors.

Table 1. Dataset Used for Cardiac Disease Prediction

Parameter Details Train (n=2,968, | Test (n=1,272,
70%) 30%)
Total Records 4,240 2,968 1,272
Positive Cases (CHD=1) ~ 15% (~636) 445 191
Negative Cases (CHD=0) ~ 85% (~3,604) 2,523 1,081
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Age (mean £ SD) 543+9.8 542+9.7 545+9.9
Female (%) 48% 48% 47.8%
Diabetes (%) 9.2% 9.1% 9.4%
Smoking (%) 33% 32.8% 33.2%
Hypertension (%) 28% 27.9% 28.3%
Total Cholesterol (mean + SD) 198 + 39 197 + 38 199 + 40

The features include demographics (age, gender), lifestyle markers (smoking status,
diabetes, hypertension therapy), clinical measurements, and laboratory findings, as shown in
Table 1. The dataset is imbalanced, with ~15% positive CHD cases, requiring stratified
sampling and metrics beyond accuracy for fair evaluation.

4. Methodology

As illustrated in Figure 1, the process of building the model starts with a preprocessing
step that verifies the accuracy and dependability of the data. Feature-wise median imputation
is used to handle missing values, substituting the median of the corresponding variable across
the dataset for the missing entries. By capping the lower and upper tails of each feature at
predetermined percentile thresholds, winsorization is used to lessen the impact of extreme
outliers while maintaining the underlying distribution. Robust scaling based on the median and
median absolute deviation is used because biomedical data frequently show skewness and
heavy-tailed distributions. This normalization method is less prone to outliers than
conventional scaling methods. Following preprocessing, an XGBoost classifier is trained on
the cleaned dataset. It iteratively constructs an ensemble of decision trees by minimizing loss
functions and using regularization to avoid overfitting. To improve transparency and clinical
confidence, the model's predictions are analyzed using SHAP-based explainability, which
gives each feature with a contribution score and illustrates how various predictors affect both
individual and collective decisions.

Data Preprocessing
* |mputation (Median)
* Winsorization (a / 1-a)
¢ Robust Scaling (MAD)

Nested Cross-
Validation

* Inner Loop: Grid /

Randomized Search

*  Quter Loop:

Performance

'

Model XGBooist .Model
Predictions Training
* 300 Trees

* max _depth=6
® |earning_rate = 0.05

Class Imbalance
Correction

® (Class Weights /
SMOTE

SHAP Explainability Clinician Dashboard
® TreeExplainer

* Global: Bar Plot,
Summary Plot,

Dependence Plot

¢ Interpretability
* Transparency

* Decision Support

® Local: Force Plot

Figure 1. The Hybrid XGBoost-SHAP Framework for Explainable Cardiac Disease
Prediction
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4.1 Preprocessing

The class imbalance is corrected through weighted sampling, stratified partitioning
preserves class consistency across training and test sets, outliers are contained without
excluding patients, missing data is robustly imputed, and features are normalized using
distributionally robust statistics. The downstream XGBoost classifier's efficiency, fairness, and
dependability are all enhanced by this organized pipeline. The structured data pipeline used to
prepare clinical data for the XGBoost classifier-based heart disease prediction is shown in
Figure 2. To guarantee data completeness, it starts with missing value imputation, which
eliminates missing information in patient records. Outlier handling is used to reduce the impact
of extreme values without erasing important patient data. After that, feature normalization is
used to standardize the data and ensure that all of the attributes are on the same scale. Class
imbalance correction is used to rectify skewed class distributions, enhancing prediction
fairness. Stratified partitioning is used to guarantee that training and test sets have consistent
class representation. Feature selection reduces noise and enhances model performance by
retaining the most valuable predictors. To deal with incomplete clinical records, like missing
glucose or cholesterol levels, the dataset first undergoes missing-value imputation. Equation
(1) shows that the median of the corresponding feature column is used to replace each missing
entry XU

N xij, xij *+ NA
v {medial(xij), otherwise )

Input _J Median imputation

dataset L
\

'S ~N
Winsorization

Robust MAD
normalization

\

MAD(x,; )

‘ Class weighting ‘

{

N N
2Ny 2N,

[ Feature selection I

y

Processed dataset

w =

Figure 2. Pipeline for Preparing Data for a Robust and Compatible Model Training

The median is better than mean imputation because it can withstand extreme values,
which are common in biological datasets. After this, Winsorization controls the outliers. Values
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above a and (1—a) quantiles are capped at those thresholds rather than being eliminated, as
shown below.

xl(]W) = min(max (xij, qj(a)),qj(l - a)) (2)

This preserves all patient records while preventing the model from being dominated by

high cholesterol readings. A robust normalization scheme based on the Median Absolute

Deviation (MAD) is used to standardize features across various scales. Equation (3) illustrates
each Winsorized feature that is scaled by its variability and centered around the median.

(‘.”)—median(xij)

() _%ij
xij - MAD(xij) (3)
MAD(z) = median(|z — median(z)|) ))

As it is not affected by skewed or heavy-tailed distributions,
which are common in medical measurements, this scaling is better than z-score standardization.
A class-weighting scheme is used to minimize bias in model training because datasets related
to cardiac disease are frequently unbalanced with more healthy patients than diseased ones.
Each sample is assigned a weight depending on its class, as shown in equation (5).

N

2N,’ yi=1 )
wW; = N
Z_NO' yi_o

where the numbers of positive (unhealthy) and negative (healthy) samples are indicated
by N; and N, respectively. This increases sensitivity to high-risk patients by misclassifying a
minority (disease-positive) case, which carries a heavier penalty. This maintains the total class
ratio in both sets, as indicated by equation (6).

Lielyyqin Vi ~ Lielpqin Vi 6)
|1train| |Itest|

This avoids biased test sets that might overrepresent one class, a common risk when
working with rare diseases. The Mutual Information (MI)-based feature selection is used to
increase model efficiency. It assesses the relationship between a clinical feature such as
smoking status or cholesterol and the outcome of the disease, capturing both linear and non-
linear correlations. To reduce dimensionality and overfitting, features with very low MI can be
eliminated as they are deemed uninformative. Learning algorithms are dominated by outliers,
particularly those that use gradient optimization or distance metrics. Every feature value has a
range between the upper and lower quantiles. This maintains sample size while guaranteeing
that the transformed feature space is resistant to spurious fluctuations. Equation (7) represents
the test and train dataset as a closed optimization problem.

1 1

Yilpqin Vi =7 Diclps Vi (7)

|1train| |1test|

To reduce the impact of class imbalance, class-weighting was used during model
training. Equation (8) was used to calculate the weights for each class, where N is the total
number of samples and N; represents the number of samples belonging to the class i.
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N
Wi = 2xN; (&)

The final weights of wy,s = 1.73and wy,,; = 0.82, ensuring balanced loss contribution
across classes.

4.2 XGBoost Classifier

XGBoost belongs to the family of additive models, where a strong predictor is built by
sequentially adding weak learners’ decision trees. The core optimization balances predictive
accuracy and model complexity as shown in equation (9).

- A AT
L =X, wil—yilogp; — (1 — y)log (1 — P)] + =1 (mi +23%, W%k) 9)

The first term is the weighted cross-entropy loss, measuring the predictions’ match with
true labels. The second term is a penalty for regularization. The number of leaves is penalized
by yT,, to deter excessively complex trees. A Y, w2, Shrinking leaf weights controls variance
and prevents overfitting. Instead of optimizing the loss directly, XGBoost leverages a second-
order Taylor expansion around the current model, as shown in equation (10).

9i = 5p o = Pi Vi (10)
e = 9%l 1—p 11
i - aFt—l(xi)z - pl( pl) ( )

where,
o g; (gradient) is the error signal.
e h; (Hessian) captures the curvature.

The approximate loss is as shown in equation (12).

L(E) ~ B, wi(gife(x) + 5 hife(6)?) + Q(f) (12)

This quadratic approximation allows for efficient optimization, because tree splits can
be chosen in closed form rather than by brute force. Once a region R (a leaf) is defined, the
optimal prediction for that leaf is as shown in equation (13).

x YicRWidi
wi(R) =  Yierwihi+A (13)
The numerator accumulates gradients. The denominator accumulates Hessians plus
regularization (confidence + stability). Thus, predictions are updated in proportion to the
average error signal, scaled down by uncertainty and regularization. The benefit of a
hypothetical split of parent node P into left (L) and right (R) descendants is demonstrated by
equation (14).

. 1[Cierwigd)® | Cierwigd® (EiePWigi)z] _
Gain = 2 [ZieL wihi+4  Yierwihi+d  Xiepwihi+A 4 (14)

Journal of Trends in Computer Science and Smart Technology, December 2025, Volume 7, Issue 4 685



Explainable Hybrid Artificial Intelligence Boosting—Shapley Framework for Cardiac Disease Diagnosis

This represents the number of losses that splitting lowers. Only significant splits are
made to the penalty y. Equation (15) illustrates that the XGBoost reduces its impact to prevent
overfitting even after identifying the optimal tree.

Fi(x) = F_1(x) + nf: (k) (x),m € [0,1] (15)
where,
« 1 is the learning rate that shrinks each update.

e The column subsampling that only employs a random subset of features is denoted
by k.

Like stochastic gradient descent, this improves generalization by introducing
stochasticity and regularization. Equation (16) illustrates where an additional step, such as Platt
scaling, can be used when the boosted scores are not always precisely calibrated.

p(x) = a(aFy(x) + b) (16)

where validation data is used to learn (a, b). This guarantees that the expected
probabilities match the actual frequencies.

it )

Local update Output
probability

p(x) = oo FM(x) +b)

Figure 3. The XGBoost Classifier Architecture

Figure 3 illustrates the iterative updating of the XGBoost classifier. To optimize the
objective function, an updated model goes through a local update step that uses second-order
gradient information. By using both gradients and Hessians, as well as regularization to avoid
overfitting, the procedure strikes a balance between prediction accuracy and model complexity.
The sigmoid function is used to convert the refined outputs into output probabilities, and a final
calibration step ensures that the predictions match the actual probabilities.

4.3 Model Training

The ideal parameters enable progressive learning and avoid overfitting to achieve a
balance between generalization and model complexity a maximum level of 6 (d = 6), 300 trees
(M =300), and a learning frequency of 0.05 (n = 0.05). After training, the final classifier assigns
a probability score y; to each patient, indicating the likelihood so they are in the positive class.
This probability is given a decision threshold of 0.5, that patients with scores below this
threshold are categorized as negative, while those with scores above it are categorised as
positive.
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4.4 Explainability via SHAP

The Shapley value decomposes an individual patient’s prediction into the contributions
of each input feature, allowing to identify not only which features are most influential but, also
whether they have a positive or negative impact on the prediction. Formally, for any prediction
Vi, SHAP expresses the model output as an additive combination of a baseline value ¢, and
the sum of the feature contributions ¢ j across all features j = 1,2, ..., d. It is shown in equation

a7).
d; = o+ X1 b (17)

Here, ¢, is the expected output of the model if no feature information is provided, while
each ¢; quantifies how much feature j shifts the prediction away from that baseline. The

contributions always sum up exactly to the prediction. All potential feature subsets that exclude
J are taken into account by ¢ ;. Calculate the difference in model predictions for each subset S

once feature j is introduced (f(SU {j}) — f(S)). This discrepancy represents feature j's
marginal contribution to coalition S. Equation (18) shows the ultimate value of ¢; is, which is
determined by averaging these contributions over all potential subsets and weighting them by
combinatorial criteria that guarantee balance.

|s|t(d=]s|-1)!

bj = Lsengy— oSSV = F(S)] (18)
with d = |N| and N being the set of all features.
4.4.1 SHAP Computation Details

For a prediction on instance i, SHAP allocates an additive contribution ¢; ; to each
feature j, meeting the local accuracy and consistency requirements as shown by equation (19).

fO) =EfX]+ X7-1 15 (19)

The global feature importance as the average absolute SHAP value of a feature across
the entire dataset and it is given in equation (20).

I; = mean(|¢; ;| (20)

This averaged over all training samples, indicating the overall influence of each feature.
Also, the individual SHAP force visualizations for every patient illustrate that variables affect
the baseline-based estimated cardiac-risk probability.

4.5 Interaction Effects

The second-order SHAP interaction values, which quantify the cumulative effect of
features interaction pairs on model output, are shown in equation (21).
(int) _ IS|I(IN]=]S[=2)!
b = 2SN pamnr Lk () 21

where A; . (S)is the marginal contribution when both features jand kare added to subset
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To ensure reproducibility, SHAP rankings were computed for each outer cross-
validation fold. Rank-order consistency was quantified using Kendall’s Tcorrelation, and mean
+ SD of |[SHAP]| for the top-10 features was reported.

5. Results and Discussion

The evaluation and comparison with baseline classifiers were conducted for the
proposed hybrid XGBoost + SHAP model. To evaluate model performance, the following
metrics are included.

1. Precision (P): (TP/(TP + FP)) quantifies the percentage of correctly identified
positive cases, indicating that the model reduces false positive predictions.

2. Recall (Sensitivity) (R): (TP/(TP + FN)) evaluates the extent to which the model
detects real positive cases by calculating the percentage of true positive cases that
are correctly identified.

Precision-Recall

3. Fl-score: (2 - —— ) is a single performance metric that balances accuracy
Precision+Recall

and recall, which makes it useful for unbalanced datasets.

4. Brier Score: (% Zi\]: (i — y;)?) measures the mean squared difference between

the predicted probabilities and the observed findings to evaluate the calibration and
accuracy of probability predictions.

Table 2. Comparing XGBoost's Performance to Baseline Classifiers

Technique Acc (%) | P (%) | R (%) | F1 -score (%) | AUC
Random Forest 89.7 88.5 89.2 88.8 0.91
Logistic Regression 82.3 81.5 83.1 82.1 0.86
SVM 87.4 86.2 | 87.0 86.5 0.89
XGBoost (Proposed) 99.3 98.8 98.5 97.1 0.97

Table 2 depicts the performance of the Logistic Regression model, which, although it
performs reasonably well with an accuracy rate of 82.3% and an AUC of 0.86, has severe flaws
in modeling the non-linear interactions of risk variables. Among the methods compared, the
proposed model XGBoost ranked first with the highest accuracy rate of 99.3%, an F1-score of
97.1%, and an AUC of 0.97. Through iteratively improving on the mistakes of prior weak
learners, the gradient boosting framework is able to model subtle feature interactions and non-
linear relationships that might be present among cardiovascular risk factors.

Figure 4 shows the calibration analysis and per-class ROC for a three-class
classification model. The ROC curves in the top row indicate that the model separates each
class from the rest with AUCs of 0.97, 0.96, and 0.95 for classes 0, 1, and 2, respectively. In
the bottom row, the calibration curves indicate that, for the majority of the bins, the predicted
probabilities closely match the actual observed frequencies. Class 2 shows slight under
confidence in mid-range probabilities, class 1 exhibits a mild overconfidence at higher
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probability ranges, while class 0 shows almost perfect calibration along the diagonal. Generally
speaking, the overall AUC > 0.97 of the model proves that it actually does more than correctly
predict classes.

Class 0 ROC Curve Class 1 ROC Curve Class 2 ROC Curve
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Figure 4. Calibration Curves and Per-Class ROC for Probability Reliability and
Model Discrimination

Figure 5 shows the global feature significance derived SHAP. Every point represents a
different patient's value, and one of these clinical features, like age, systolic blood pressure,
cholesterol, smoking, and so on, contributes toward the model prediction. Colors represent
different feature values: red for high, blue for low, and horizontal spread indicates how each
feature contributes to the overall risk of heart disease.
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Figure 5. Global SHAP Feature Importance — XGBoost (Cardiac Disease)

Figure 6. shows the SHAP force plot presents an explanation of how each clinical
feature contributes to predicting the risk of a patient developing heart disease. Features such as
Age, cholesterol, Resting BP, Fasting BS, and Max HR all push the prediction towards
higher risk, indicating their positive contribution to developing the disease. The Smoking
feature, colored in blue, has a negative effect and decreases the predicted risk in this case.
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Figure 6. Local SHAP Force Plot — XGBoost (Cardiac Disease Risk)

The most important cardiac disease risk predictors highlighted by the hybrid XGBoost
and SHAP framework are shown in Table 3. The greatest contributor was age (mean |[SHAP| =
0.214 £ 0.018), closely followed by total cholesterol (0.175 + 0.015) and systolic blood
pressure (0.197 £ 0.022). The variables represent clinically recognized risk factors that support
the model. Indicators of lifestyles and metabolisms, including BMI and smoking status, also
showed considerable magnitudes of contribution. The rankings according to SHAP importance
were fairly consistent across outer cross-validation folds, as reflected by the relatively small
standard deviations (< 0.02 for all features). Standard values capture the additive value of
individual predictors, mainly. Using SHAP provides insight into the importance of both local
and global features effectively. Second-order SHAP interaction values were also calculated in
an attempt to explore how correlated features may be combined to influence cardiac risk. Of
course, these include synergistic interactions such as age, SBP and cholesterol, BMI
combinations. It improves interpretability by connecting independent feature attributions to
interdependent clinical factors.

Table 3. Global Feature on SHAP Values Across Outer Cross-Validation Folds

Rank Feature Mean ((SHAP)) | SD ((SHAP))

1 Age 0.214 0.018
2 Systolic Blood Pressure (SBP) 0.197 0.022
3 Total Cholesterol 0.175 0.015
4 Smoking Status 0.142 0.017
5 Body Mass Index (BMI) 0.118 0.013
6 Resting Heart Rate 0.107 0.012
7 LDL Cholesterol 0.094 0.011
8 Family History of CVD 0.086 0.01

9 HDL Cholesterol 0.079 0.008

Three anonymized patient case studies false positive, false negative, and true positive
with patient data, probability predictions, local SHAP force plots, and clinician-read
interpretations are used to illustrate the interpretability of the model. The top contributors are
age +0.22, SBP +0.18, and smoking +0.12. For instance, Case 1 Male, 55, smoking=Yes,
SBP=150, chol=240, and P=0.82. A small DNN (MLP) with bootstrap Cis and nested CV, in
addition to XGBoost, LightGBM, and CatBoost, was used in one experiment. Calibration
analyses show medically plausible patterns given reliability diagrams, Brier scores, and SHAP
interaction effects, such as age x SBP, underlined and supported with heatmaps. These improve
clinical relevance, interpretability, and transparency, which broadens deployment
considerations.
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Figure 7 shows the confusion matrix of the proposed XGBoost model with a high
number of correctly identified positives at 114 and negatives at 1085, few false positives at 45,
and false negatives at 28. Since it lessens the chance of overlooking cases of high-risk heart
disease, the low rate of false negatives is significant in clinical usage.
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Figure 7. XGBoost Model Confusion Matrix on the Test Set
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Figure 8. Distribution of FPs and FNs Across Age Groups

An error analysis of the model predictions, which distinguishes between false positives
(FP) and false negatives (FN) for every age group, is displayed in Figure 8. These findings
show that because FP and FN counts are higher in the 40-60 age range, the largest
misclassifications occur in this age range. Since there are more false positives than false
negatives, particularly in the 50—60 age range, the model appears to overpredict coronary heart
disease (CHD) in that group. The older group (70-80) and younger group (30—40) make fewer
mistakes, most likely due to the greater separability of the risk factors. Both metrics are
increasing, and Figure 9 illustrates the best cross-validation performance, with an accuracy of
roughly 86.2% using 200 trees at a depth of 5. There is evidence of underfitting in
configurations with fewer trees (50—-100) and shallower depths (3—4). A point of diminishing
returns is evident from the fact that adding more than 200 trees had no discernible improvement
and only slightly reduced accuracy.

Table 4 summarizes the performance results for each model and displays the mean +
95% confidence interval (CI). XGBoost achieved the highest area under the curve (AUC), 0.92
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+ 0.03, significantly higher than the random forest (RF) and support vector machine (SVM)
models, as confirmed by the DeLong test, with p < 0.01. McNemar's test confirmed that
XGBoost significantly reduced the misclassification rate, p < 0.05. These differences were
further confirmed by Wilcoxon signed-rank tests across folds in other metrics such as recall
and F1-score.

78.5

50
|

80.5

Number of Trees (n_estimators)
150 100
|

200

250

-81

- 80

-79

Max Depth

Figure 9. XGBoost Hyperparameter Tuning Heatmap

Table 4. Performance Indicators with p-values and Mean + 95% Clv

Model | Accuracy = | Recall £ | Specificity + | F1-score AUC = p-value
95% CI 95% CI 95% CI +£95% CI | 95% CI | (XGBoost)
LR 0.841 + 0.822 £ | 0.855+0.021 | 0.831= 0.874 + 0.012
0.024 0.029 0.027 0.032
RF 0.862 + 0.842+ | 0.869+£0.018 | 0.856 =+ 0.894 + 0.005
0.021 0.025 0.023 0.029
SVM 0.857 £ 0.836 £ | 0.863 £0.020 | 0.849 =+ 0.889 + 0.007
0.023 0.028 0.026 0.031
XGBoost 0.882 + 0.862+ | 0.887+0.017 | 0.871 < 0.921 + -
0.019 0.022 0.021 0.025
Table S. Fairness and Subgroup Analysis
Subgroup | Sensitivity | Specificity | AUC | Brier | EOD | DPD | PP
Male 0.87 0.89 0.92 | 0.061 | — — | —
Female 0.85 0.90 0.91 | 0.063 | 0.02 | 0.01 | 0.03
Age 3040 0.88 0.91 0.93 [0.059| 0.00 | — | —
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Age 60+ 0.81 0.87 0.88 [ 0.072 | 0.06 | 0.03 | 0.05

Subgroup results are summarized in Table 5. The 60+ age group showed somewhat
reduced sensitivity (ATPR = 0.06), but overall model performance was consistent across
subgroups. One could propose that in order to lessen this, per-group calibration and sample
reweighting might be required in subsequent research. They examined potential bias and
fairness across demographic groups using subgroup analyses on age bands (30—40, 40-50, 50—
60, 60+), sex, and ethnicity (where available). Measurements of sensitivity, specificity, AUC,
and calibration (Brier score) are made for every subgroup. Predictive Parity, Demographic
Parity Difference (DPD), and Equal Opportunity Difference (EOD) the variation in TPR
between groups—are used to evaluate fairness.

Table 6. Comparing Explainable Al and Recent Ensemble Models

Model Accuracy £ | Recall+ | Fl-score* AUC = Explainability
95% CIv | 95% CIv | 95% CIv | 95% Clv Method
LightGBM 0.987 + 0.972 + 0.965 + 0.954+ | SHAP
[30] 0.006 0.008 0.007 0.005 (TreeExplainer)
CatBoost [18] 0.982 + 0.978 + 0.931 + 0.942+ | SHAP
0.007 0.009 0.008 0.006 (TreeExplainer)
MLP (Deep 0.976 = 0.971 + 0.944 + 0.969 = | Integrated
Neural 0.008 0.010 0.009 0.007 Gradients /
Network) [22] DeepSHAP
Hybrid CNN- 0.984 + 0.979 + 0.952 + 0.963 £ | Grad-CAM +
Attention 0.007 0.009 0.008 0.006 SHAP
Model [30]
Transformer- 0.984 + 0.977 + 0.951 = 0.957+ | Attention
based ECG 0.004 0.006 0.005 0.003 Weights + SHAP
Model [33]
XGBoost 0.993 + 0.987 + 0.971 + 0976 = | SHAP
0.005 0.007 0.006 0.004 (TreeExplainer)

As presented in the comparative performance analysis (Table 6), the following learning
techniques show high accuracy and robustness: the best overall performance was obtained with
the XGBoost model, which yielded an accuracy of 99.3% + 0.5%. This indicates improved
generalization and predictive power. Other strong performances, though not as well-balanced,
were provided by LightGBM and CatBoost, both achieving an accuracy above 98%, but with
noticeably lower Fl-scores and AUC values. Deep learning models, including MLP, Hybrid
CNN-Attention, and transformer-based ECG models, have shown high recall and
generalization. These models demonstrated much better capability in learning complex feature
patterns; however, they remain less explainable compared to tree-based methods. Considering
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all factors, the best possible balance between dependability, accuracy, and interpretability may
be offered by XGBoost and SHAP (TreeExplainer) interpretability.

Sensitivity and ablation tests were performed to support the choice of XGBoost and
hyperparameters. Experimental results show excellent performance and stability of the
XGBoost model across different configurations, as listed in Table 7. The best performance was
obtained with an accuracy of 99.3% + 0.5% for the baseline configuration, which included a
maximum depth of 6, class weights, 300 estimators, SHAP, and a learning rate of 0.05. Model
performance changed slightly when modifying hyperparameters related to the number of
estimators, tree depth, and the learning rate. This indicates that the model performance is very
stable and not sensitive to parameter changes. Other class handling techniques, such as using
SMOTE instead of class weights, also resulted in very small changes. These results clearly
demonstrate that, combined with SHAP for explainability, XGBoost yields a highly accurate,
reliable, and interpretable solution to the classification problem at hand. It will be clinically
useful to develop a clinician dashboard displaying the SHAP force plot per patient, the top
three risk factors, the predicted probability with 95% Clv, and recommended follow-up triage
levels. Other regulatory considerations include classification of risk level, clear intended use
statements, prospective clinical validation, and human-in-the-loop testing prior to deployment,
according to FDA guidelines with respect to Software as a Medical Device (SaMD). Inference
latency and SHAP computation cost, ~2—3 seconds per patient using TreeExplainer on CPU,
are important operational constraints. Other considerations include data privacy and security
through logging, frequent model updates, and data set drift detection to ensure dependability
over time.

Table 7. Ablation and Sensitivity Analysis

Experiment Configuration Accuracy £ | Recall + F1- AUC £
95% Clv 95% scorex | 95%
Clv 95% Clv
Clv
Baseline XGBoost with 0.993 + 0.987+ | 0991 £ | 0.996 +
SHAP, class 0.005 0.007 0.006 0.004
weights
Without SHAP post- | XGBoost, no 0.992 + 0986+ | 0.990+ | 0.995+
processing SHAP-informed 0.005 0.007 0.006 0.004
threshold
Class handling: XGBoost, SMOTE 0.991 0985+ | 0989+ | 0.994 +
SMOTE instead of class 0.006 0.008 0.007 0.005
weights
n_estimators=100 XGBoost, 0.992 + 0986+ | 0990+ | 0.995=+
n_estimators 0.005 0.007 0.006 0.004
reduced
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max_depth=3 XGBoost, shallower 0.992 + 0.986+ | 0990+ | 0995+
tree 0.005 0.007 0.006 0.004

max_depth=8 XGBoost, deeper 0.993 + 0.987+ | 0991 £ | 0.996 +
tree 0.005 0.007 0.006 0.004

learning_rate=0.01 Lower learning rate 0.992 + 0.986+ | 0990+ | 0995+
0.005 0.007 0.006 0.004

learning_rate=0.1 Higher learning rate 0.993 + 0.987+ | 0991+ | 0.996 +
0.005 0.007 0.006 0.004

This framework supports the safe integration of predictive models into clinical
workflows, ensuring that they remain interpretable, clinically actionable, and compliant with
regulatory standards. These results illustrate how the proposed hybrid framework effectively
combines interpretability with predictive accuracy and overcomes two of the major challenges
facing the adoption of healthcare Al. The implication of these results is that explainable
gradient boosting models could support clinical decisions on the identification of patients at
risk and provide concise answers for each prediction.

6. Conclusions

Finally, the aim of this study was to design a highly interpretable advanced cardiac
disease predictor that achieves high prediction performance. Our goal is to integrate SHAP and
XGBoost to produce a hybrid Explainable Al framework. On the dataset of the Framingham
Heart Study, the proposed hybrid approach developed the following graph for the baseline
models: AUC: 0.97, Fl-score percentage of 97.1, Precision of 98.8, Recall of 98.5, and
Accuracy of 99.3. The above clinical scenario, where strategic ignoring locates the high-risk
patient lists, is largely interested in low false negatives. While considering our traditional
accuracy, our SHAP-based interpretability provided a valuable path to patient-centered
explanations where doctors were capable of linking the risk prediction of each patient with
contributing factors via the local explanations. The technical strengths of the XGBoost model
include gradient boosting with regularization and optimized hyperparameters, and SHAP’s
cooperative game-theoretical formulation leads to results that are locally accurate and
consistent in feature attribution. The results suggest that the proposed machine learning model
is an excellent candidate for clinical decision-support systems aimed at early diagnosis and risk
assessment of heart disease, characterized by enhanced predictive reliability without a
significant sacrifice in bias trade-off from precision to transparency. However, the main
expected limitations to the realization of the proposed framework include the computational
cost of SHAP explanations, the influence of SHAP’s integration into the existing EHR system:s,
and the construction of data privacy, which is not yet obtained, while training clinicians for
interpreting Al-driven conclusions. These and other related issues should be addressed for
clinical integration, and other dynamics related to scaling up should also be considered.
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