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Abstract

Coronary heart disease (CHD) risk prediction is challenging because clinical data are het-
erogeneous and the response variable is imbalanced. This study develops an interpretable
predictive framework for CHD risk using Extreme Gradient Boosting (XGBoost), median
imputation, IQR-based winsorization, standardization, the Synthetic Minority Over-sampling
Technique (SMOTE), bootstrap-based uncertainty assessment, and Shapley Additive Ex-
planations (SHAP). The learning problem is formulated within a regularized empirical risk
minimization framework, so the model is viewed as a statistical estimator rather than merely
an algorithmic classifier. To avoid information leakage, train—test splitting is performed before
any resampling, and SMOTE is applied only to the training data. The primary analysis is fixed
a priori at an 80:20 stratified split, whereas 60:40 and 70:30 splits are treated as sensitivity
analyses rather than model-selection devices. In the primary analysis, the model attains
accuracy of 79.36%, precision of 27.88%, recall of 22.48%, F1-score of 24.89%, and ROC-AUC
of 0.6502. The 95% bootstrap confidence interval for ROC-AUC is [0.6017, 0.6981]. SHAP
analysis in probability space identifies age, cigsPerDay, male, heartRate, and sysBP as the
most influential predictors. These results show that the proposed framework is mathematically
well-structured and interpretable, but that its out-of-sample discrimination on this dataset is
moderate rather than high.

Keywords: Coronary heart disease; Class imbalance; Extreme Gradient Boosting; SHAP;
Bootstrap confidence interval

1. Introduction

Coronary heart disease (CHD) remains one of the leading contributors to global morbidity and
mortality. Recent global reports indicate that cardiovascular diseases account for a substantial
proportion of deaths worldwide and continue to impose a major public-health burden [1-4].
In clinical prevention, CHD risk is associated with multiple demographic, behavioral, and
physiological factors, including age, smoking, blood pressure, diabetes, lipid profile, and body
composition [5, 6]. This makes early risk prediction an important problem not only in medical
decision support but also in predictive statistical modeling.

Traditional clinical risk scoring systems, including those derived from the Framingham Heart
Study, provide an important foundation for cardiovascular risk assessment [6]. However, the
increasing availability of multivariable health data has encouraged the use of machine-learning
methods that can capture nonlinear relationships, variable interactions, and heterogeneous data
structures more flexibly than many conventional statistical scoring rules. Among these methods,
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gradient boosting and, more specifically, Extreme Gradient Boosting (XGBoost), have attracted
considerable attention because of their strong predictive flexibility, computational efficiency, and
regularized tree-ensemble formulation [7, §].

More broadly, boosting-based and machine-learning methods have been applied successfully
in a range of biomedical and computational classification problems. Faroby et al. used extreme
gradient boosting for the classification of IGF1R ligand compounds in the identification of
herbal extracts [9]. Amiroch et al. employed machine-learning methods for predicting antiviral
compounds targeting avian influenza viral proteins, showing the relevance of data-driven predictive
modeling in molecular and biomedical contexts [10]. In addition, Muhammad et al. applied
a boosting algorithm to classify COVID-19 variants [11], while Irawan and Jamhuri discussed
broader machine-learning developments and research trends in a survey of past, present, and
future directions of the field [12]. These studies reinforce the growing role of machine learning,
including ensemble methods, in complex scientific prediction tasks.

Several previous studies have reported promising results for heart-disease prediction using
XGBoost-based models [13, 14]. Nevertheless, many such studies remain primarily performance-
oriented and focus mainly on reporting classification metrics. In imbalanced medical classification,
such reporting can be misleading if the experimental design does not explicitly control for
information leakage or if the test set is implicitly used to select the final model configuration.
For journals with a strong mathematical orientation, it is therefore important that the predictive
procedure be described not only as an implementation pipeline but also as a well-defined statistical
learning framework with clear evaluation logic.

A central methodological issue in CHD prediction is class imbalance. In many clinical datasets,
positive or high-risk cases form a minority relative to the non-risk class. This imbalance may bias
a fitted classifier toward majority-class prediction, so that nominal accuracy appears acceptable
even when sensitivity to the minority class is inadequate [15, 16]. For this reason, evaluation
in imbalanced settings should not rely on a single performance measure. Accuracy, precision,
recall, F1-score, and ROC-AUC provide complementary information about classifier behavior,
especially when minority-class detection is clinically important [17-19].

Another challenge is interpretability. Although tree-ensemble methods often yield good
predictive performance, they are frequently criticized as black-box models, which may limit trust
and adoption in clinical decision support [20, 21]. To address this issue, explainable artificial
intelligence (XAI) methods can be integrated into the predictive pipeline. Among them, SHAP
provides a mathematically grounded attribution framework derived from cooperative game theory,
allowing feature contributions to be examined at both the global and local levels [22, 23].

Based on these considerations, this study develops a CHD risk prediction framework us-
ing XGBoost, class-imbalance handling through SMOTE, bootstrap confidence intervals, and
SHAP-based interpretation. The novelty claimed here is not the invention of a new classification
algorithm, but the integration of regularized learning, leakage-aware experimental design, un-
certainty quantification, and interpretable feature attribution into a single predictive modeling
framework. The main objectives are: (i) to construct a statistically transparent CHD risk predic-
tion model under class imbalance, and (ii) to identify the most influential predictors through a
mathematically interpretable SHAP-based explanation.

2. Methods

This study develops a predictive framework for CHD risk modeling under class imbalance using
XGBoost, SMOTE, bootstrap-based uncertainty assessment, and SHAP-based interpretation.
The methodology consists of dataset specification, mathematical problem formulation, prepro-
cessing and class rebalancing, model construction and hyperparameter optimization, performance
evaluation, and interpretable explanation.

To present the methodology systematically, this section begins with the dataset and study
variables, then introduces the mathematical formulation of the prediction problem, followed by

Siti Amiroch 938



CHD Risk Prediction with XGBoost and SHAP

preprocessing, imbalance handling, model fitting, evaluation, and interpretability analysis.

2.1. Dataset and Study Variables

The study uses a public CHD dataset derived from the Framingham Heart Study, a well-known
longitudinal cohort that has played an important role in cardiovascular risk modeling [6]. The
working dataset contains n = 4240 observations and 16 variables, comprising 15 predictors and
one binary response variable.! The target variable is TenYearCHD, defined in Eq. (1), where

(1)

{1, if the individual is classified as having 10-year CHD risk,

0, otherwise.

The predictors include demographic, behavioral, and clinical covariates: male, age, education,
currentSmoker, cigsPerDay, BPMeds, prevalentStroke, prevalentHyp, diabetes, totChol,
sysBP, diaBP, BMI, heartRate, and glucose. Table 1 summarizes the variable definitions.

Table 1: Attributes in the Framingham dataset.

No. Attribute Description
1 male 0 = Female, 1 = Male
2 age Age (years)
3 education Ordinal education category
4 currentSmoker 0 = Not a current smoker, 1 = Current smoker
) cigsPerDay Cigarettes smoked per day
6 BPMeds 0 = No blood pressure medication, 1 = Blood pressure medication
7 prevalentStroke 0 = No prior stroke, 1 = Prior stroke
8 prevalentHyp 0 = No hypertension, 1 = Hypertension
9 diabetes 0 = No diabetes, 1 = Diabetes
10 totChol Total cholesterol (mg/dL)
11  sysBP Systolic blood pressure (mmHg)
12 diaBP Diastolic blood pressure (mmHg)
13 BMI Body mass index (kg/m?)
14 heartRate Heart rate (beats/min)
15 glucose Glucose (mg/dL)

16  TenYearCHD Target: 0 = No 10-year CHD risk, 1 = 10-year CHD risk

2.2. Problem Formulation and Prediction Rule

Let the dataset be written as

D = {(z, yi) }izrs (2)
where z; € RP denotes the predictor vector and y; € {0, 1} the corresponding binary CHD-risk
outcome. Based on Eq. (2), the aim is to estimate the conditional probability

p(x) =PY =1|X ==z (3)

and to induce a binary decision rule based on that probability.

In this study, the predictive model is formulated within a regularized empirical risk mini-
mization framework. Let f : RP — R be a score function and let o(z) = 1/(1 + e~#) denote the
logistic link. The probability estimator is defined by

p(x) = o(f(2)). (4)
Using Eq. (4), the learning problem is expressed as

A

f = argmin {; > o) + AR(f)} , 5)
1=1

https://www.kaggle.com/datasets/noeyislearning/framingham-heart-study/data
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where £(-,-) is the binary classification loss, R(f) is a regularization term, and A > 0 is the

complexity penalty. Eq. (5) is consistent with the gradient boosting perspective of additive

function approximation and with the regularized tree-ensemble structure used by XGBoost [7, 8].
A binary classification rule is then defined by

§(x) = 1{p(x) > 7}, (6)

where 7 € (0,1) is a decision threshold. Unless otherwise stated, 7 = 0.5 is used in Eq. (6) for
confusion-matrix-based metrics, while threshold-free discrimination is assessed through ROC-
AUC.

2.3. Experimental Protocol and Data Preprocessing

All experiments were conducted in Python using Google Colaboratory. To avoid information
leakage, the dataset was first partitioned into training and testing sets using stratified sampling.
The primary analysis was fixed a priori at an 80:20 split, while 60:40 and 70:30 were used only as
sensitivity analyses. All preprocessing operations that require parameter estimation were fitted
using the training set only and then applied to the testing set. Random operations, including
data splitting, resampling, and model fitting, were controlled by a fixed random seed.

Missing-value imputation. Missing values in numerical and ordinal variables, including
education, cigsPerDay, BPMeds, totChol, BMI, heartRate, and glucose, were imputed using
feature-wise medians computed on the training set. Binary variables were imputed by the most
frequent category.

Outlier handling. Outliers were assessed using the interquartile range (IQR) criterion. For a
variable x with quartiles ()1 and ()3, and IQR = @3 — @)1, values outside

(@1 — 1.5IQR, Q3 + 1.51QR] (7)

were flagged. The bounds in Eq. (7) were used to reduce the influence of extreme observations
through winsorization based on training-derived cutoffs.

Feature scaling and encoding. Continuous variables were standardized using the z-score
transformation

i=2"H 8)
g

where 1 and o denote the training-set mean and standard deviation, respectively. Binary variables
were retained in coded form, and the ordinal variable education was represented numerically
according to its category order.

Correlation analysis. Pearson correlation coefficients were used descriptively to summarize
marginal linear associations among predictors and between predictors and the target variable:

rxXy = ————>. (9)

Eq. (9) was used for interpretation rather than for automatic feature elimination.

2.4. Class Imbalance Handling via SMOTE

The target variable is imbalanced, with the positive class substantially smaller than the negative
class. Since imbalance may bias a classifier toward majority-class prediction, the Synthetic
Minority Over-sampling Technique (SMOTE) was applied to the training set only [15, 16]. Given
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a minority observation x; and one of its nearest minority neighbors x,,, SMOTE generates a
synthetic sample as
Tnew = Ti + A(-Tnn - l‘i), NS (0, 1) (10)

Thus, the generated observation in Eq. (10) lies on the line segment joining two minority-
class observations and enriches the minority class without simply duplicating samples [15]. This
interpolation is expected to improve the learned decision boundary in regions where minority-class
observations are sparse.

Proposition 1 (Geometric validity of SMOTE). Let x; and xn, be two minority-class
observations. Then the SMOTE-generated point

Tnew = Ti + MTnn — 5), A e (0,1), (11)
belongs to the line segment joining x; and Tn,, and hence lies in the convexr hull of minority-
class observations.

Proof. Rewriting Eq. (11) gives
Tnew = (1 — AN)xi + AXpp. (12)

Since 0 < A < 1, the coefficients (1 — A) and A in Eq. (12) are nonnegative and sum to
one. Therefore, xney is a convex combination of z; and x,,, so it lies on the line segment
between them and, in particular, in the convex hull of the minority sample set. O

2.5. XGBoost Model and Hyperparameter Optimization

Extreme Gradient Boosting (XGBoost) is a regularized tree-ensemble method that constructs an
additive model by sequentially fitting decision trees to reduce predictive error [7, 8]. The fitted

model is written as
T

fla) =) filz), (13)

t=1

where each f; denotes a regression tree. Its optimization objective is

n T

L= Lyi,px:) + D Qfe), (14)

i=1 t=1

where £(-) is the binary classification loss and Q(f;) is a regularization term controlling tree
complexity [8]. Eq. (13) and Eq. (14) describe the additive and regularized structure used to
stabilize the model and reduce overfitting in heterogeneous clinical data.

Hyperparameter optimization was performed using randomized search with five-fold strat-
ified cross-validation on the training set. The search covered the parameters n_estimators,
learning_rate, max_depth, subsample, colsample_bytree, gamma, reg_lambda, and reg_alpha.
After selecting the best configuration according to cross-validated ROC-AUC on the training set,
the final model for each split was refitted and evaluated on the corresponding held-out test set.

2.6. Evaluation Metrics

Model performance was evaluated using confusion-matrix quantities: true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN). Accuracy, precision, recall, and
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F1-score were computed as

TP + TN
A = 1
Y = TP L TN+ FP 4+ FN’ (15)
. TP
Precision = m, (16)
TP
l= ——— 1
Reca TP L PN’ (17)
P = 2 - Precision - Recall (18)

Precision 4+ Recall *

Egs. (15)—(18) provide complementary information in imbalanced classification, where accuracy
alone may be misleading [19]. To evaluate threshold-free discrimination, the area under the
receiver operating characteristic curve (ROC-AUC) was also computed [17, 18].

Proposition 2 (Interpretation of ROC-AUC). Let p(X 1) and p(X~) denote the scores
assigned to randomly selected positive and negative instances, respectively. If ties occur with

probability zero, then
AUC=P(H(XT) > p(X7)). (19)

Proof. The ROC-AUC is equivalent to the Mann—Whitney ranking probability, namely
the probability that a randomly chosen positive observation receives a higher score than a
randomly chosen negative observation. This follows from the equivalence between AUC and
the normalized rank-sum statistic, which yields Eq. (19). O

2.7. Bootstrap Confidence Intervals for Discrimination Metrics

To quantify statistical uncertainty in the reported performance, nonparametric bootstrap confi-
dence intervals were constructed on the held-out test set [24]. Let

Diest = {(377,7?%)}?;%“ (20)
denote the test sample, and let M (Diest) be a scalar performance functional such as ROC-AUC,
accuracy, precision, recall, or F;. For each bootstrap replication b = 1,..., B, a resampled test
set ®

Dtest (21)

was generated by sampling with replacement from Dy, preserving the original sample size. The
bootstrap statistic is
M = M (D). (22)

A two-sided percentile confidence interval at level (1 — «) is then
CIlfa(M> = [qa/27 Q1—a/2]7 (23)

where ¢, denotes the empirical u-quantile of {M *(b)}szl. In this study, B = 1000 bootstrap
replications and 95% confidence intervals were used. Eqgs. (20)—(23) define the uncertainty-
quantification procedure used in the primary analysis.

Proposition 3 (Bootstrap consistency for smooth performance functionals). Let M be a
statistic computed from the test sample, where M is a sufficiently smooth functional of the
empirical distribution. Then the nonparametric bootstrap distribution of M+ consistently
approzimates the sampling distribution ofM as the test sample size tends to infinity.
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Proof. Let F}, denote the empirical distribution of the observed test sample. The nonpara-
metric bootstrap draws resamples from ﬁ'n, producing a bootstrap empirical distribution F;:
By standard empirical process arguments, E, converges to the underlying distribution, and
the bootstrap reproduces the first-order fluctuation of F}, around that limit. If the statistic
is a smooth functional of the empirical distribution, then the functional delta method yields
bootstrap consistency. [l

2.8. Model Interpretability Using SHAP

To complement predictive accuracy with interpretability, SHAP was used to attribute model
outputs to individual features [20, 22]. SHAP provides both global interpretation, through
ranking features by mean absolute contribution, and local interpretation, through decomposition
of an individual prediction. Formally, the SHAP value for feature ¢ is

bi= Y

SCN\{i}

[SIHANT = 15[ = 1)
V]!

s utin - £(8)]. (24)

where N is the full feature set, S is a subset not containing feature i, and f(.5) denotes the
model output under the feature coalition S [22]. In practice, SHAP values for tree-based models
can be computed efficiently using TreeSHAP, which exploits the structure of tree ensembles [23].
In the present study, local and global explanations for the primary analysis were computed in
probability space.

Proposition 4 (Additive decomposition of prediction in probability space). For a fixed
observation x, if SHAP values are computed with model output on the probability scale, then

Bla) = EpX)]+ ) ¢i. (25)
i=1

Proof. This follows from the efficiency axiom of Shapley values. The total contribution of
all features must equal the difference between the full model output and the baseline value.
When the chosen model output is the predicted probability, one has

> ¢ =p(z) — E[p(X)], (26)

=1

which is equivalent to Eq. (25). O

3. Results and Discussion

This section presents the empirical findings together with their statistical and mathematical
interpretation. In line with the methodological framework described earlier, the discussion
emphasizes not only predictive performance but also leakage-aware experimental design, class-
imbalance handling, uncertainty assessment, and SHAP-based explanation.

3.1. Exploratory Characteristics of the Dataset

The initial stage of the analysis examines the empirical structure of the dataset, including
class distribution, missing values, and outlier behavior. Fig. 1 shows that the target variable
TenYearCHD is highly imbalanced. The majority class (TenYearCHD=0) accounts for 84.81%
of the observations, while the minority class (TenYearCHD=1) accounts for only 15.19%. Such
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imbalance is methodologically important because empirical learning procedures may become
biased toward majority-class prediction, thereby reducing sensitivity to positive CHD cases [15,
16].

3500
3000
2500
2000

Count

1500
1000
500

TenYearCHD

Fig. 1: Class distribution of the target variable (TenYearCHD).

Table 2 summarizes the number of missing values before imputation. The largest amount
of missingness appears in glucose, followed by education, BPMeds, and totChol. From a
statistical perspective, this motivates the use of robust imputation rather than case deletion,
since excluding incomplete records would reduce the effective sample size and may distort the
empirical distribution.

Table 2: Number of missing values before imputation.

Feature Number of Missing Values
male 0
age 0
education 105
currentSmoker 0
cigsPerDay 29
BPMeds 53
prevalentStroke 0
prevalentHyp 0
diabetes 0
totChol 50
sysBP 0
diaBP 0
BMI 19
heartRate 1
glucose 388
TenYearCHD 0

The boxplot visualization in Fig. 2 indicates that several clinical variables exhibit substantial
upper-tail dispersion, especially glucose, sysBP, diaBP, totChol, and BMI. These patterns justify
the use of robust preprocessing such as median imputation and winsorization before model fitting.
In particular, the winsorization step is based on the IQR bounds in Eq. (7).

After imputation, transformation, and encoding, the data were further examined through
Pearson correlation analysis. Fig. 3 presents the heatmap of Pearson correlation coefficients among
predictors and the response variable. Several predictors show positive marginal association with
TenYearCHD, particularly age, sysBP, and prevalentHyp. This is consistent with established
cardiovascular risk structure and with classical risk modeling derived from the Framingham
framework [5, 6]. The correlations were computed according to Eq. (9).
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Boxplot visualization for numerical features
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Fig. 2: Boxplot visualization for numerical features.
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Fig. 3: Heatmap of Pearson correlation coefficients among features.
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3.2. Leakage-Aware Split Design

The corrected experimental design uses three stratified train—test splits, but only the 80:20 split
is the pre-specified primary analysis. Table 3 summarizes the sample sizes and class counts
in each split. Since the split is performed before preprocessing and oversampling, the test set
preserves the original class imbalance and remains suitable for out-of-sample evaluation.

Table 3: Train and test sample sizes with class counts for each split ratio.
Split Ratio Role Train Size Test Size Train Class 0 Train Class 1 Test Class 0 Test Class 1

60:40 Sensitivity = 2544 1696 2158 386 1438 258
70:30 Sensitivity 2968 1272 2517 451 1079 193
80:20 Primary 3392 848 2877 515 719 129

This split logic is important for interpreting the results below. In particular, the 80:20 analysis
is not selected because it achieves the best test-set score; rather, it is the designated primary
analysis established before evaluating the test data. The 60:40 and 70:30 analyses are included
only to assess sensitivity to training-sample proportion.

3.3. Preprocessing Effects and Class Rebalancing

For the primary 80:20 split, the original training set contains 2877 majority-class observations
and 515 minority-class observations. After applying SMOTE to the training set only, the class
distribution becomes balanced, as shown in Fig. 4. Because the test set is left untouched, this
training-set-only rebalancing improves class representation during fitting without contaminating
the out-of-sample evaluation.

3000
2500
2000

1500

Count

1000

500

TenYearCHD

Fig. 4: Target class distribution in the primary training set after applying SMOTE.

Proposition 1 gives the geometric interpretation of this procedure. In particular, Eqs. (10)—
(12) show that SMOTE enriches minority support through convex interpolation rather than
arbitrary extrapolation. Thus, the oversampling mechanism remains confined to the observed
minority-region geometry of the training data.

3.4. Predictive Performance Across Primary and Sensitivity Analyses

To examine the effect of training-sample proportion on predictive performance, three train—test
split ratios were evaluated: 60:40, 70:30, and 80:20. For each split, XGBoost hyperparameters
were optimized using randomized search with stratified cross-validation on the training set.

3.4.1. Sensitivity Analysis: Split Ratio 60:40

For the 60:40 split ratio, the tuned XGBoost model attains accuracy of 80.13%, precision of 32.60%,
recall of 28.68%, F1-score of 30.52%, and ROC-AUC of 0.6716. The selected hyperparameters
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are presented in Table 4, while the evaluation metrics are summarized in Table 5. The confusion
matrix and ROC curve are jointly displayed in Fig. 5.

Table 4: Optimal hyperparameters for the XGBoost model with a 60:40 split ratio.

Hyperparameter Value

n_estimators 401
learning_rate 0.0798
max_depth 4
subsample 0.9766
colsample_bytree 0.7555
gamma 1.9392
reg_lambda 2.9895
reg_alpha 1.7897

Table 5: Model evaluation on the testing set for the 60:40 split ratio.

Metric Value
Accuracy 80.13%
Precision 32.60%
Recall 28.68%
F1-Score 30.52%
ROC-AUC 0.6716

Evaluation results for split ratio 60:40 (Sensitivity)

Confusion matrix ROC curve
1.0 —
0.8
0 153 Q
o] -
) =
3 206
= b=
d 7 -
= o -
S S04
< E ) L
1 184 74 =
0.2
—— AUC = 0.6716
0.0
0 1 0.0 0.2 0.4 0.6 0.8 1.0
Predicted label False positive rate

Fig. 5: Evaluation results of the XGBoost model for the 60:40 split ratio (sensitivity analysis): confusion
matrix and ROC curve.

These results indicate only moderate discrimination. Although the ROC-AUC is the largest
among the three examined splits, this does not alter the inferential role of the 80:20 primary
analysis, because the sensitivity analyses are not used for model selection.

3.4.2. Sensitivity Analysis: Split Ratio 70:30

For the 70:30 split ratio, the model attains accuracy of 78.62%, precision of 28.42%, recall of
26.94%, Fl-score of 27.66%, and ROC-AUC of 0.6648. The tuned hyperparameters are presented
in Table 6, while the model evaluation on the testing set is summarized in Table 7. The confusion
matrix and ROC curve are jointly displayed in Fig. 6.

The 70:30 split yields performance of similar scale to the 60:40 split. This suggests that,
after correcting the evaluation design, the predictive ability is relatively stable across moderate
changes in split proportion, but remains far from the level of strong discrimination.
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Table 6: Optimal hyperparameters for the XGBoost model with a 70:30 split ratio.

Actual label

Hyperparameter Value
n_estimators 698
learning_rate 0.0105
max_depth 5
subsample 0.9314
colsample_bytree 0.9317
gamma 0.3974
reg_lambda 3.6450
reg_alpha 1.4137

Table 7: Model evaluation on the testing set for the 70:30 split ratio.

Metric Value
Accuracy 78.62%
Precision 28.42%
Recall 26.94%
F1-Score 27.66%
ROC-AUC 0.6648

Evaluation results for split ratio 70:30 (Sensitivity)

Confusion matrix

131
141 52
0 1

Predicted label

1.0

0.8

0.6

0.4

True positive rate

0.2

0.0

ROC curve

—— AUC = 0.6648

0.2

0.4 0.6

0.8

False positive rate

Fig. 6: Evaluation results of the XGBoost model for the 70:30 split ratio (sensitivity analysis): confusion
matrix and ROC curve.

3.4.3. Primary Analysis: Split Ratio 80:20

For the pre-specified primary 80:20 split, the model achieves accuracy of 79.36%, precision
of 27.88%, recall of 22.48%, Fl-score of 24.89%, and ROC-AUC of 0.6502. The optimal
hyperparameters are presented in Table 8, while the model performance on the test set is
summarized in Table 9. The confusion matrix and ROC curve are jointly displayed in Fig. 7.

Table 8: Optimal hyperparameters for the XGBoost model with the primary 80:20 split ratio.

Hyperparameter Value
n_estimators 291
learning_rate 0.0188
max_depth 6
subsample 0.8486
colsample_bytree 0.9425
gamma 0.6092
reg_lambda 0.6102
reg_alpha 0.8803

Siti Amiroch

948



CHD Risk Prediction with XGBoost and SHAP

Table 9: Model evaluation on the testing set for the primary 80:20 split ratio.

Metric Value
Accuracy 79.36%
Precision 27.88%
Recall 22.48%
F1-Score 24.89%
ROC-AUC 0.6502

Evaluation results for split ratio 80:20 (Primary)

Confusion matrix ROC curve
1.0 -
0 75 o 08 e
3 .
© -
° =
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1 100 29 = o
0.2
/,/’/ — AUC = 0.6502
0.0
0 1 0.0 0.2 0.4 0.6 0.8 1.0
Predicted label False positive rate

Fig. 7: Evaluation results of the XGBoost model for the primary 80:20 split ratio: confusion matrix and
ROC curve.

The confusion matrix in Fig. 7 shows TN = 644, FP = 75, FN = 100, and TP = 29. Thus,
while the classifier correctly identifies a large fraction of the majority class, it misses a substantial
number of minority-class cases at the default threshold 7 = 0.5 in Eq. (6). In clinical screening
terms, this means that sensitivity remains limited.

Table 10: Comparison of XGBoost model performance across the primary and sensitivity analyses.
Split Ratio Role Accuracy Precision Recall F1-Score ROC-AUC

60:40 Sensitivity 80.13% 32.60% 28.68% 30.52% 0.6716
70:30 Sensitivity 78.62% 28.42% 26.94% 27.66% 0.6648
80:20 Primary 79.36% 27.88% 22.48% 24.89% 0.6502

Table 10 shows that the three split ratios yield broadly comparable results. Importantly,
the primary analysis is not identified as the best-performing split; rather, it is the split fixed
in advance for formal reporting. Under this corrected leakage-aware protocol, the empirical
performance is clearly more modest than the overly optimistic values reported in the earlier draft.

By Proposition 2, the primary ROC-AUC of 0.6502 means, through Eq. (19), that ap-
proximately a randomly selected CHD-risk individual receives a higher predicted score than a
randomly selected non-risk individual with probability 0.6502. This corresponds to moderate
threshold-independent discrimination, not strong separation between the classes.

3.5. Statistical Reliability of the Primary Model

Because point estimates alone do not quantify uncertainty, the primary 80:20 analysis should be
interpreted together with the bootstrap procedure described in the Methods section. Table 11
reports percentile-based 95% confidence intervals based on 1000 nonparametric bootstrap resam-
ples of the held-out primary test set. These intervals are constructed according to Eq. (22) and
Eq. (23).
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Table 11: Bootstrap percentile 95% confidence intervals for the primary 80:20 model.

Metric Point Estimate Lower 95% CI Upper 95% CI
Accuracy 0.793632 0.766509 0.821934
Precision 0.278846 0.186257 0.360360
Recall 0.224806 0.150721 0.291060
F1-Score 0.248927 0.165840 0.318006
ROC-AUC 0.650192 0.601739 0.698068

The bootstrap interval for ROC-AUC remains well below values typically associated with
strong discrimination. Likewise, the intervals for precision, recall, and F1l-score are fairly wide
and centered at relatively low values. Thus, Proposition 3 supports not merely the computational
use of bootstrap intervals, but also the substantive conclusion that the primary model should be
interpreted cautiously. The model is statistically coherent, yet its predictive effectiveness on this
dataset is limited.

3.6. SHAP-Based Global and Local Interpretation

After fixing the 80:20 split as the primary analysis, interpretability is examined using SHAP in
probability space. The global interpretation of the model is presented in Fig. 8, which combines
the SHAP summary plot and the mean absolute SHAP bar plot. The summary plot in Fig. 8(a)
illustrates both the relative importance of features and the direction of their effects on the model
predictions across observations. Meanwhile, Fig. 8(b) provides the overall ranking of features
based on mean absolute SHAP values, which are computed from the feature contributions
in Eq. (24).

SHAP summary plot (probability)

High Global SHAP importance (probability)

age [I——
cigsperDay N
male |
heartRate _
syser [
education _
prevalentHyp _
totchol [N
currentSmoker -
glucose -
diaBP [N
Vil |
; Low T

T T T T T f T T T T
-0.2 -0.1 0.0 0.1 0.2 0.3 0.00 0.02 0.04 0.06 0.08 0.10
SHAP value (impact on model output) mean(|SHAP value|) (average impact on model output magnitude)

age
cigsPerDay
male
heartRate
sysBP

education

Feature value

prevalentHyp
totChol
currentSmoker
glucose

diaBP

BMI

(a) SHAP summary plot. (b) SHAP bar plot of mean absolute SHAP values.

Fig. 8: Global SHAP interpretation of the primary model in probability space: (a) SHAP summary plot
showing feature impact and direction across observations, and (b) SHAP bar plot showing global feature
importance based on mean absolute SHAP values.

As shown in Fig. 8(a) and Table 12, age is the most influential feature in the primary
model. Other major contributors include cigsPerDay, male, heartRate, and sysBP. This
ranking is clinically plausible and consistent with established CHD risk structure [5, 6]. The
appearance of education and prevalentHyp among the more influential variables suggests that
both socioeconomic and clinical factors contribute to the fitted decision structure.

By Proposition 4, the SHAP values for each observation decompose the predicted probability
according to Eq. (25) into a baseline term plus additive feature contributions. This is particularly
useful here because the explanations are on the probability scale, so the waterfall plots can be
interpreted directly as upward or downward changes in the model-estimated CHD risk.
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Table 12: Top ten features ranked by mean absolute SHAP value for the primary 80:20 model.

Feature Mean Absolute SHAP Value
age 0.099162
cigsPerDay 0.042393
male 0.038551
heartRate 0.027117
sysBP 0.020962
education 0.019283
prevalentHyp 0.018986
totChol 0.015132
currentSmoker 0.014771
glucose 0.012838

To provide local explanation, waterfall plots are shown for the observations with the highest
and lowest predicted CHD risk in the primary analysis.

Local SHAP explanation: highest predicted CHD risk (probability)
fix) =0.828
I

1.987 = sysBP +0.1
—0.583 = heartRate
| = male
| = education . +0.05

| = prevalentHyp ' +0.03
1.69 = diaBP ' +0.03
0.005 = cigsPerDay . +0.02
—0.386 = glucose '+0.02

6 other features ' +0.02

T T T T T T T T
0.3 0.4 0.5 0.6 0.7 0.8 0.9
E[fIX)] =0.271

Fig. 9: SHAP waterfall plot for the observation with the highest predicted CHD risk in the primary
80:20 analysis.

The high-risk waterfall plot shows that a relatively small number of features dominate the
final predicted probability. In particular, older age and smoking-related variables are among the
strongest upward contributors. Conversely, the low-risk waterfall plot shows that favorable values
of these same variables, together with more favorable hemodynamic and metabolic features,
pull the predicted probability downward. Hence, even though the overall classifier exhibits only
moderate discrimination, the fitted model remains interpretable in a clinically coherent manner.

3.7. Overall Discussion

The overall findings indicate that the proposed framework is methodologically stronger than a
routine benchmark-style implementation, but empirically more modest than the earlier draft
suggested. Once the evaluation pipeline is corrected so that train—test splitting precedes over-
sampling and the primary split is fixed in advance, the resulting performance is substantially
lower than the earlier optimistic values. This is not a weakness of the corrected analysis; on the
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Local SHAP explanation: lowest predicted CHD risk (probability)
fix) =0.02
I

0.756 = cigsPerDay ﬂ
1.094 = totChol —-0.02 '
0 = male —-0.02 .
—1.454 = sysBP —0.02'
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0.00 0.05 0.10 0.15 0.20 0.25 0.30
E[fX)] =0.27:

Fig. 10: SHAP waterfall plot for the observation with the lowest predicted CHD risk in the primary
80:20 analysis.

contrary, it demonstrates the importance of leakage-aware experimental design in imbalanced
clinical prediction.

From a mathematical and statistical perspective, several conclusions can be drawn. First,
the class imbalance present in the original data justifies the use of SMOTE, and Proposition 1
together with Eq. (11) and Eq. (12) clarifies why the resulting classifier improves minority-class
representation without extrapolating outside the observed minority region. Second, Proposition 2
provides a probabilistic interpretation of ROC-AUC through Eq. (19), showing that the primary
model ranks positive cases above negative ones with probability approximately 0.6502. Third,
Proposition 3 justifies bootstrap-based uncertainty assessment, and the resulting intervals based
on Eq. (23) confirm that the reported performance should be interpreted as moderate rather
than strong. Fourth, Proposition 4 ensures through Eq. (25) that the SHAP-based explanations
are locally faithful to the predicted probabilities.

Taken together, these results show that the proposed model is not merely a high-performing
classifier but a regularized and interpretable predictive framework whose behavior can be analyzed
through class geometry, discrimination theory, uncertainty quantification, and cooperative-game-
based feature attribution. At the same time, the empirical results indicate that the model should
not yet be described as a clinically ready screening instrument. Potential future improvements
include threshold optimization, cost-sensitive learning, class-weighted boosting, probability
calibration, and external validation on independent cohorts.

4. Conclusion

This study developed an interpretable framework for coronary heart disease (CHD) risk prediction
under class imbalance using XGBoost, leakage-aware preprocessing, training-set-only SMOTE,
bootstrap-based uncertainty assessment, and SHAP. The problem was formulated within a
regularized empirical risk minimization framework through Eq. (5) and Eq. (6), so the analysis
was positioned as predictive statistical modeling rather than routine algorithm benchmarking.
The primary analysis was fixed a priori at an 80:20 stratified split, while 60:40 and 70:30 were
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treated as sensitivity analyses only. Under this corrected evaluation protocol, the primary model
achieved accuracy of 79.36%, precision of 27.88%, recall of 22.48%, F1-score of 24.89%, and ROC—
AUC of 0.6502. The 95% bootstrap confidence interval for ROC-AUC, constructed according
to Eq. (23), was [0.601739, 0.698068], indicating moderate rather than strong discrimination.

Methodologically, SMOTE was interpreted as a convex interpolation mechanism through
Eq. (11) and Eq. (12), while SHAP provided additive feature attribution directly on the probability
scale through Eq. (25). The most influential predictors in the primary analysis were age,
cigsPerDay, male, heartRate, and sysBP.

Overall, the study shows that the proposed framework is mathematically structured, inter-
pretable, and methodologically transparent, but that its predictive performance on this dataset
remains limited. The model is therefore better viewed as a careful baseline for imbalanced CHD
prediction than as a clinically ready decision tool.
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