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ARTICLE INFO ABSTRACT

Parkinson's disease (PD) is a progressive neurodegenerative disorder
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Revised 2026-06-24 because nearly 90% of PD patients experience measurable speech
Accepted 2026-06-27 impairments. However, previous machine learning studies on PD voice

datasets commonly face several limitations, including class imbalance
that may lead to data leakage, the use of accuracy as the primary

Keywords evaluation metric, and limited utilization of model interpretability
Parkinson's disease methods. This study proposes a PD classification pipeline integrating
XGBoost SMOTE, XGBoost, and SHAP using the UCI Parkinson dataset, which
SHAP consists of 195 samples and 22 acoustic features. A quantitative
SMOTE experimental approach was employed using 5-fold stratified cross-
Voice biomarkers validation, where SMOTE was applied only to the training data within

each fold to prevent data leakage, while SHAP was used for feature
analysis and feature reduction experiments. The results showed that
SMOTE improved the F1-Score from 0.9400 to 0.9527 and the Accuracy
from 0.9077 to 0.9282. The final model achieved a mean AUC-ROC of
0.9614 and a Recall of 0.9592 across five folds. SHAP analysis showed
differences between SHAP feature rankings and XGBoost built-in
importance, with MDVP:Shimmer exhibiting the largest ranking change.
In addition, the top-8 SHAP-ranked features achieved performance
comparable to the full 22-feature model, obtaining an Accuracy of 0.9282
and an AUC 0f 0.9612. These findings indicate that the proper application
of SMOTE and SHAP-based feature selection can improve model
evaluation and provide additional information for feature analysis in
Parkinson's disease classification.

1. Introduction

Parkinson's Disease (PD) is a progressive neurodegenerative disorder that ranks as the second most
common neurological condition after Alzheimer's disease. A study based on the Global Burden of Disease 2021
reported that in 2019 more than 8.5 million individuals suffered from Parkinson's disease, with disability rates
attributable to the disease increasing by 81% since 2000, and global prevalence continuing to rise to 11.77
million cases in 2021, with a higher disease burden in men than women amid global population aging [1]. These
conditions position PD as one of the public health problems requiring greater attention, particularly in early
detection efforts to slow disease progression and improve patients' quality of life.

One of the clinical characteristics that distinguishes Parkinson’s disease from other neurological disorders
is the high incidence of speech impairment among patients. Studies show that around 90% of Parkinson’s
patients experience speech changes such as pitch variation, frequency changes, amplitude differences, and
reduced vocal stability. These symptoms can appear before visible motor symptoms [2]. Therefore, voice signal
analysis can be used as a simple, non-invasive, and low-cost screening method, especially in areas with limited
access to neurological specialists.
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The UCI Parkinson dataset, comprising 195 voice recordings and 22 biomedical features, was first
introduced by Little et al. [3] and remains one of the most widely used benchmark datasets in recent studies [2],
[4], [5]. Alshammri et al. [4] compared several machine learning algorithms including KNN, SVM, Decision
Tree, Random Forest, and MLP on the same dataset. Meral et al. [5] conducted a comparative analysis of six
classifiers including SVM, k-NN, Decision Tree, Neural Network, Ensemble, and Stacking with hyperparameter
optimization using Bayesian Optimization, Grid Search, and Random Search on a Parkinson's disease vocal
dataset. Abu Sayed et al. [6] further examined the effectiveness of vocal biomarkers combined with machine
learning algorithms for Parkinson’s disease detection, highlighting the potential of acoustic features for disease
diagnosis.

In addition, Sheikhi and Kheirabadi [7] proposed a Rotation Forest-based ensemble method combined
with feature selection for Parkinson's disease severity prediction. Srinivasan et al. [8] developed a multiclass
machine learning approach by integrating multiple classification algorithms to improve detection performance.
Furthermore, Rahayu and Sudrajat [9] demonstrated the effectiveness of SMOTE in handling class imbalance
in disease classification using XGBoost and Random Forest, with Random Forest achieving the highest accuracy
of 98.8%. Sedigh Malekroodi et al. [10] conducted a systematic review of voice-based ML and deep learning
approaches for PD detection, similarly noting that methodological consistency in feature extraction and
validation strategies remains a key challenge across existing studies.

Nevertheless, a review of the existing literature reveals several recurring methodological problems. First,
the UCI Parkinson dataset has an inherent class imbalance, where the proportion of positive PD samples far
exceeds that of healthy samples [2]; many studies disregard this issue, causing models to be biased toward the
majority class with seemingly high accuracy metrics that do not reflect genuine detection capability. This
problem has also been observed in other classification domains, where improper handling of imbalanced data
leads to misleading performance estimates [11]. Second, a number of studies suffer from data leakage due to the
application of oversampling techniques prior to the separation of training and test data, rendering the claimed
performance non-generalizable [12], [13]. Third, the majority of existing approaches focus solely on improving
performance metrics without considering model interpretability, whereas in the context of clinical diagnosis,
decision transparency is a crucial aspect for gaining the trust of both medical personnel and patients [14]. These
methodological gaps constitute the departure point of this research.

This study proposes a PD classification pipeline that combines SMOTE, XGBoost, and SHAP. The
contribution of this study does not lie in the novelty of the individual methods, as each method has been used
separately in previous studies, but in the way they are integrated within a single classification framework. In
particular, SMOTE is applied only to the training data within each cross-validation fold to avoid data leakage,
which is a limitation found in several previous studies. In addition, SHAP is used not only to explain the model
predictions but also to compare feature rankings with XGBoost built-in importance and to evaluate feature
reduction through top-N feature subsets. The XGBoost-SHAP combination has also been applied successfully
in other neurodegenerative disease studies, including Alzheimer's disease diagnosis [15]. Therefore, the
contribution of this study lies in the development of a classification pipeline that emphasizes proper SMOTE
implementation, reliable cross-validation, and the use of SHAP for feature analysis. This approach is intended
to address the limitations identified in previous studies and to improve the interpretation of the classification
results.

2.Method

2.1 Type and Approach of Research

This study uses a quantitative approach with an experimental research design. The quantitative approach
is chosen because the study focuses on measuring and comparing numerical performance metrics, including
accuracy, precision, recall, and F1-score, obtained from a structured biomedical dataset. The experimental
design is applied by modifying components of the machine learning pipeline, specifically the use of SMOTE
within stratified cross-validation folds and the evaluation of SHAP-based feature subsets compared to the full
22-feature set. This is done to observe their effects on classification performance.

The study uses the UCI Parkinson dataset, which consists of 195 voice recordings with 22 acoustic
features, and applies a machine learning pipeline integrating SMOTE [15], XGBoost [16], and SHAP [17].
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The model is evaluated using 5-fold stratified cross-validation to ensure more stable and generalizable
performance results, especially considering the imbalanced class distribution in the dataset.
2.2 Object and Scope of Research

The object of this research is the classification of Parkinson's disease based on acoustic voice features
extracted from sustained phonation recordings. The study operates within the healthcare domain, specifically
targeting the binary classification task of distinguishing PD-positive individuals from healthy controls. The
scope of this research is bounded to the UCI Parkinson dataset, comprising 195 voice recordings and 22
biomedical acoustic features, and does not extend to other PD datasets, imaging modalities, or clinical
validation beyond computational experimentation.
2.3 Data Collection Techniques

Data collection in this study was conducted through documentation of a secondary source, namely the
UCT Parkinson dataset publicly available in the UCI Machine Learning Repository, originally introduced by
Little et al. [3]. The dataset comprises 195 voice recording samples obtained from 31 individuals, of whom 23
were diagnosed with Parkinson's disease and 8 were healthy controls, resulting in an inherently imbalanced
class distribution with 147 positive and 48 negative samples. No primary data collection was performed, as the
dataset constitutes an established benchmark widely used in Parkinson's disease detection research.

The dataset encompasses 22 acoustic features grouped into five categories as presented in Table 1.
These features capture different aspects of vocal signal degradation commonly associated with hypokinetic
dysarthria in Parkinson's patients.

Table 1. Acoustic feature groups in the UCI Parkinson dataset

Feature group Count Features Aspect measured
Fundamental 3 MDVP:Fo, Fhi, Flo Mean, maximum, and minimum vocal
frequency fold vibration frequency
Jitter perturbation 5 Jitter(%), Jitter(Abs), RAP, | Cycle-to-cycle variation in vocal fold

PPQ, DDP vibration period
Shimmer 6 Shimmer,  Shimmer(dB), | Cycle-to-cycle variation in voice
perturbation APQ3, APQS5, APQ, DDA | signal amplitude
Noise-to-harmonics 2 NHR, HNR Proportion of noise to harmonic
ratio components in the signal
Nonlinear measures 6 RPDE, D2, DFA, spreadl, | Complexity and irregularity of vocal
spread2, PPE signal dynamics

2.4 Tools and Materials Used

This study was implemented using Python as the primary programming language, supported by several
scientific computing libraries: scikit-learn [18], [19] for preprocessing, cross-validation, and evaluation
metrics; XGBoost [16] for gradient boosting classification; imbalanced-learn [20] for SMOTE-based
oversampling; and SHAP [17] for model interpretability analysis. Data manipulation and exploration were
conducted using NumPy and pandas, while matplotlib and seaborn were used for visualization. All experiments
were executed in a Jupyter Notebook environment running on a standard personal computer.
2.5 Research Procedures or Stages

The research was conducted in five sequential stages as illustrated in Figure 1.

128



Azizah, Dewi
Media Jurnal Informatika, 2026, 18 (1), 126-138

Stage 1: Data collection
UCI Parkinson dataset (195 samples, 22 features)

l

‘ Stage 2: Preprocessing ’

MinMaxScaler normalization + stratified split

5-fold stratified cross-validation

’ Training fold }_, Test fold ‘

SMOTE applied (1:1) No oversampling

U Repeated for each fold

Aggregate metrics per fold
Accuracy, F1-scere, AUC-ROC

Stage 4: XGBoost classification
Train and evaluate on each fold

l

Stage 5: SHAP analysis
Feature ranking + compression expetiment

1

Results and discussion
Performance metrics + SHAP insights

Fig 1. Research pipeline for Parkinson's disease classification using SMOTE, XGBoost, and SHAP

The first stage involved data collection and preliminary exploration of the UCI Parkinson dataset, which
consists of 195 voice recordings and 22 acoustic features. The exploration process included analyzing the class
distribution to identify the imbalance between PD-positive (147 samples) and healthy (48 samples) classes, as
well as calculating descriptive statistics to observe the range and distribution of each feature before
preprocessing.

The second stage involved data preprocessing before cross-validation. All 22 features were normalized
to the range of 0 to 1 using MinMaxScaler to ensure consistent feature scaling. The dataset was then divided
into five stratified folds to maintain the original class distribution in each fold.

The third stage applied 5-fold stratified cross-validation as the evaluation method. In each iteration, the
data were separated into training and testing sets. SMOTE [16] was applied only to the training data to balance
the minority class until a 1:1 class ratio was obtained, while the testing data remained unchanged to avoid data
leakage. The evaluation metrics, including Accuracy, F1-Score, and AUC-ROC, were calculated for each fold
and averaged to obtain the final performance results.

The fourth stage involved training and evaluating the XGBoost classifier [17] within the cross-
validation process. For each fold, the model was trained using the SMOTE-balanced training data and evaluated
on the testing data. The prediction results and probability scores were then used to calculate the evaluation
metrics, and the results from all folds were averaged to obtain the final model performance.

The fifth stage applied SHAP analysis [18] after model training. First, the mean absolute SHAP values
obtained from the testing data were used to rank the 22 features according to their contribution to the prediction
results. The resulting ranking was then compared with the XGBoost built-in feature importance. Second, a
feature reduction experiment was conducted by retraining the model using several top-N SHAP feature subsets
(N € {3, 5, 8, 10, 15, 22}). Each subset was evaluated using the same 5-fold stratified cross-validation and
SMOTE procedure to determine the smallest feature subset that could maintain the classification performance
of the full model.

2.6 Data Analysis Techniques
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Model performance was evaluated using four classification metrics, namely accuracy, precision, recall,
and F1-score, which were calculated across the five cross-validation folds. These metrics are derived from the
confusion matrix, which consists of four prediction outcomes: True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN). In this study, the positive class refers to PD samples, while the negative
class refers to healthy subjects.

Accuracy measures the proportion of correctly classified samples among all samples, as shown in
Equation (1). Although accuracy provides an overall measure of model performance, it is not sufficient when
used alone for imbalanced datasets [4], [14]. A model that predicts only the majority class may still achieve a
high accuracy value despite performing poorly on the minority class.

TP+ TN
ACCUIY = b TN + FP + FN

)

Precision measures the proportion of samples predicted as PD that are actually PD-positive, as defined
in Equation (2). A high precision value indicates that the model produces fewer false positive predictions,
which is important in screening settings because unnecessary referrals may affect both patients and healthcare

resources [2], [14].

Precision = e 2
recision = TP+ FP 2)

Recall measures the proportion of actual PD samples that are correctly identified by the model, as
defined in Equation (3). In the context of clinical screening, recall is considered an important evaluation metric
alongside F1-score because a low recall value indicates that some PD patients are missed [2], [8]. In early
detection applications, missing actual cases is generally more concerning than producing false positive

predictions.

Recall = — % 3
A= TP EN 3)

F1-score is the harmonic mean of precision and recall, as defined in Equation (4). Unlike the arithmetic
mean, the harmonic mean is affected by large differences between precision and recall, making F1-score an
appropriate metric for evaluating classifiers on imbalanced datasets [14], [20]. Given the 3:1 class imbalance
in the UCI Parkinson dataset, F1-score and recall were considered the main evaluation metrics in this study.

2 X Precision X Recall

F1- = 4
Score Precision + Recall )

In addition to these four metrics, AUC-ROC was computed to assess the model's ability to discriminate
between classes across all decision thresholds, independent of class distribution [5], [14]. AUC-ROC is defined
as the area under the Receiver Operating Characteristic curve, which plots the True Positive Rate (Recall)
against the False Positive Rate across varying classification thresholds, as defined in Equation (5). An AUC
value of 1.0 indicates perfect discrimination, while a value of 0.5 indicates performance equivalent to random

guessing[8], [10].
1

AUC-ROC = J TPR(t) d(FPR(t)) )
0

3. Results and Discussion
3.1 Presentation of Research Results

The class imbalance handling experiment was conducted by comparing model performance under two
configurations that is with and without SMOTE using identical hyperparameters and 5-fold stratified cross-
validation. Figure 2 presents the class distribution of the training data in Fold 1 before and after the application
of SMOTE.
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Fig 2. Class Distribution of Training Data Before and After SMOTE

As shown in Figure 2, before SMOTE the training data in Fold 1 consisted of 39 healthy samples versus 117
PD samples (ratio 3.0:1), proportional to the overall dataset distribution. After SMOTE, the healthy class was
augmented to 117 samples through the generation of 78 synthetic instances via nearest-neighbor interpolation,
producing a balanced training set of 234 samples at a 1:1 ratio. The quantitative impact of this balancing on
model performance metrics is presented in Table 2.

Table 2. Model Performance Comparison With and Without SMOTE (5-Fold CV)

Metric Without SMOTE | With SMOTE | Difference

Accuracy | 0.9077 £ 0.0466 0.9282 +0.0493 | +0.0205

F1-Score 0.9400 £ 0.0295 0.9527+0.0319 | +0.0127

AUC-ROC | 0.9695 +£0.0217 0.9614 £ 0.0295 | —0.0081

Table 2 shows that SMOTE consistently improved Accuracy and F1-Score relative to the baseline
configuration without oversampling. The improvement in Accuracy from 0.9077 to 0.9282 and in F1-Score from
0.9400 to 0.9527 suggests that balancing the training class distribution enabled the model to better capture the
characteristics of the minority class, which was previously underrepresented at a 3:1 ratio. However, AUC-ROC
showed a slight decrease from 0.9695 to 0.9614, accompanied by a marginal increase in standard deviation from
0.0217 to 0.0295. This trade-off can be attributed to the effect of synthetic sample generation on the model's
predicted probability distribution: models trained on imbalanced data tend to assign higher confidence scores to
the majority class, which can artificially sharpen the ROC curve across thresholds, whereas SMOTE moderates
this bias by exposing the model to a balanced distribution, consequently reducing AUC marginally. This
phenomenon is consistent with findings by Vandewiele et al. [12], who observed that oversampling can alter
probability calibration even when classification performance improves. Given that the AUC value remains
within the excellent range (>0.95) and F1-Score improved meaningfully, this trade-off is considered acceptable
for the purpose of clinical screening. Based on these results, the SMOTE configuration was adopted as the final
pipeline for all subsequent experiments.

Table 3. 5-Fold Stratified Cross-Validation Results (with SMOTE)

Fold Accuracy F1-Score AUC-ROC
1 0.9744 0.9836 0.9741
2 0.9231 0.9492 0.9259
3 0.9487 0.9643 0.9931
4 0.9487 0.9667 0.9793
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5 0.8462 0.9000 0.9345

Mean + Std | 0.9282 +0.0493 | 0.9527 £ 0.0319 | 0.9614 + 0.0295

Table 3 indicates that the model achieved consistently high performance across all folds, with mean AUC-
ROC 0f 0.9614 + 0.0295 and mean F1-Score of 0.9527 + 0.0319. To examine the composition of classification
errors in greater detail, predictions from all five folds were aggregated into a single confusion matrix, as
presented in Figure 3.
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Fig 3. Aggregate Confusion Matrix for 5-Fold Stratified Cross-Validation

Figure 3 shows that, out of 195 samples evaluated across five folds, the model correctly classified 141 of
147 PD samples as True Positive and 40 of 48 healthy samples as True Negative, resulting in a PD Recall of
0.9592 and a Precision of 0.9463. To compare feature attribution between SHAP and the built-in feature
importance of XGBoost, the mean absolute SHAP values were calculated on the test data from all folds and then
compared with the built-in importance scores. Figure 4 presents the comparison of the top 10 features obtained
from both methods.
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Fig 4. Comparison of SHAP and XGBoost Built-in Feature Importance for the Top 10 Features

Figure 4 reveals that the two methods produce noticeably different rankings, even within the top 10 features,
indicating that split frequency and prediction contribution represent different measures of feature importance.
The complete ranking of all 22 features is presented in Table 4.

Table 4. SHAP vs XGBoost Built-in Importance Ranking (22 Features)

Feature SHAP Rank | XGB Rank | Difference
spread2 1 9 +8 A
PPE 2 2 0
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MDVP:Fhi(Hz) 3 11 +8 A
spreadl 1 -3

D2 5 12 +7 A
MDVP:Fo(Hz) 6 7 +1

MDVP:RAP 7 17 +10 A
DFA 19 +11 A
MDVP:APQ 4 -5V
Shimmer: APQ5 10 6 —4

NHR 11 13 +2

RPDE 12 5 -7V
MDVP:Jitter(%) 13 18 +5 A
MDVP:Jitter(Abs) 14 20 +6 A
MDVP:Shimmer(dB) 15 10 -5V
Jitter:DDP 16 21 +5 A
HNR 17 15 -2

Shimmer:APQ3 18 8 -10V
MDVP:Shimmer 19 3 -16 V¥
MDVP:Flo(Hz) 20 14 -6V
MDVP:PPQ 21 22 +1

Shimmer:DDA 22 16 -6V

Table 4 shows differences in the feature rankings obtained from the two methods. The largest changes were
observed in MDVP:Shimmer, which decreased by 16 positions, and DFA, which increased by 11 positions. To
further examine the influence of each feature on the prediction results, Figure 5 presents the SHAP beeswarm
plot, where each point represents a test sample and is colored based on its original feature value.
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Fig 5. SHAP Beeswarm Plot of Per-Sample SHAP Value Distribution

Figure 5 shows that spread2 has the strongest contribution among all features. Higher feature values
generally increase the prediction toward PD, whereas lower values are associated with healthy subjects. For the
feature compression experiment, the model was retrained using top-N SHAP-ranked feature subsets, with
SMOTE and 5-fold cross-validation applied for each subset size, where N € {3, 5, 8, 10, 15, 22}. Figure 6

presents the AUC-ROC and Accuracy values obtained for each feature subset.
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Fig 6. Feature Reduction Effect Curve Based on SHAP Feature Subset

Figure 6 shows that the AUC-ROC values become relatively stable from the top-8 feature subset onward,
whereas the Accuracy values vary across the different feature subset sizes. The corresponding numerical results

are presented in Table 5.

Table 5. Model Performance Across SHAP-Based Feature Subsets
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No. of Features Features Added Accuracy | AUC-ROC
Top-3 spread2, PPE, MDVP:Fhi(Hz) 0.9077 0.9533
Top-5 + spreadl, D2 0.8872 0.9509
Top-8 + MDVP:Fo(Hz), MDVP:RAP, DFA | 0.9282 0.9612
Top-10 + MDVP:APQ, Shimmer:APQ5 0.8974 0.9598
Top-15 + 5 next features 0.9231 0.9594
Top-22 (all) + remaining 7 features 0.9231 0.9599

Table 5 shows that the top-8 SHAP feature subset achieved an Accuracy of 0.9282 and an AUC of 0.9612,
which are comparable to the results obtained using all 22 features. Increasing the number of features beyond the
top-8 did not improve the Accuracy or AUC values.

3.2 Analysis of Findings

The application of SMOTE improved Accuracy by 2.05 percentage points (0.9077 to 0.9282) and F1-Score
by 1.27 percentage points (0.9400 to 0.9527). Without SMOTE, the model was trained on data with a 3:1 PD-
to-healthy ratio, which creates an incentive for the classifier to favor the majority class — in this case, PD-
positive samples. As a result, the model without SMOTE tends to produce more False Negatives for the healthy
class, which directly suppresses both Accuracy and F1-Score. By generating synthetic minority-class samples
within each training fold, SMOTE reduced this bias and allowed the classifier to learn a more balanced decision
boundary, leading to improved detection of healthy controls without substantially sacrificing PD-class
performance. The improvement in F1-Score is particularly meaningful in this context, as F1-Score captures the
balance between precision and recall and is more sensitive to minority-class performance than accuracy alone.

The confusion matrix shows that 6 out of 147 PD samples were misclassified as healthy (False Negatives,
miss rate 4.08%), and 8 out of 48 healthy samples were misclassified as PD (False Positives). In a clinical
screening context, False Negatives are generally more concerning because they represent patients who may not
be identified at an early stage. A Recall of 95.92% indicates that the model successfully detected nearly 96 out
of every 100 actual Parkinson's cases, showing good performance for a voice-based screening approach.

SHAP analysis showed that the ranking of features based on prediction contribution differs from the ranking
produced by XGBoost built-in importance. The largest difference was found in MDVP:Shimmer, which ranked
3rd by XGBoost but 19th by SHAP, indicating that the feature was frequently used during tree construction but
had a relatively small contribution to the final predictions. In contrast, DFA and MDVP:RAP increased by 11
and 10 positions, respectively, under SHAP ranking. These findings are consistent with previous studies by Egbo
et al. [2] and Nayan et al. [14], which reported that tree-based importance methods may overestimate features
involved in repeated splits. The beeswarm plot also showed that spread2 has the strongest influence on the
prediction results, where higher spread2 values tend to increase predictions toward PD. Meanwhile,
MDVP:Fhi(Hz) and MDVP:Fo(Hz) showed an inverse relationship with PD prediction, which is consistent with
the reduced vocal frequency commonly observed in Parkinson's patients.

The feature compression experiment showed that the top-8 SHAP-ranked features achieved an Accuracy of
0.9282 and an AUC of 0.9612, which are comparable to the full 22-feature model. Adding more features beyond
the top-8 did not improve performance and, in some cases, slightly reduced Accuracy (for example, top-10:
0.8974 and top-15: 0.9231). This suggests that some additional features contribute only limited information to
the classification process. Furthermore, the top-8 SHAP subset differs from the feature ranking produced by
XGBoost built-in importance. A top-8 selection based on built-in importance would include MDVP:Shimmer,
MDVP:APQ, RPDE, and Shimmer:APQS5, while excluding DFA and MDVP:RAP, which were identified by
SHAP as important features. These results indicate that SHAP can provide additional information for feature
selection beyond the built-in importance scores.
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3.3 Implications of the Results

The findings of this study have both practical and methodological implications. From a practical perspective,
the result that only 8 acoustic features are needed to achieve performance comparable to the full model suggests
that a voice-based PD screening system can be developed with fewer feature extraction steps. This may reduce
computational requirements and improve the feasibility of implementation on low-resource devices or in
healthcare settings with limited access to neurology specialists. The selected features, which include
fundamental frequency measures and nonlinear dynamic features, are also related to speech characteristics
commonly observed in Parkinson's patients, providing additional support for the model's predictions.

From a methodological perspective, this study demonstrates the importance of applying SMOTE within each
cross-validation fold rather than before data splitting in order to avoid data leakage and obtain more reliable
performance estimates. In addition, SHAP provides additional information about feature contributions that may
not be captured by XGBoost built-in importance, helping to improve the interpretation of model behavior.

3.4 Limitations of the Study

This study has several limitations that should be noted. First, the UCI Parkinson dataset contains only 195
samples from 31 individuals, which is relatively small and may limit how well the results generalize to larger
and more diverse patient populations. Second, all recordings were collected under controlled laboratory
conditions, so model performance may differ when applied to voice recordings from real-world clinical
environments with background noise or varying recording quality. Third, this study was conducted on a single
dataset without external validation on independent PD cohorts, which would be needed to confirm the practical
reliability of the identified 8-feature subset. Fourth, the UCI Parkinson dataset contains multiple recordings per
individual, which introduces a subject-level leakage risk in sample-based cross-validation: recordings from the
same subject may appear in both training and test folds, potentially inflating reported performance relative to
true generalization across unseen individuals. Subject-independent cross-validation, where fold splits are
performed at the subject level rather than the sample level, would provide a more conservative and realistic
performance estimate. Fifth, the SHAP-based feature compression experiment carries an inherent feature
selection bias, as the SHAP rankings used to select top-N subsets were derived from a model trained on all 22
features; the selected subsets and the full-feature model therefore share overlapping training information,
meaning the compression results should be interpreted as indicative rather than as a fully independent feature
selection evaluation. Sixth, XGBoost hyperparameters were not systematically optimized in this study, meaning
further tuning could potentially improve performance beyond what is reported here. Future research should
address these limitations by testing the pipeline on multiple datasets, incorporating recordings from diverse
clinical settings, applying subject-independent cross-validation to obtain unbiased performance estimates, and
exploring hyperparameter optimization combined with SHAP-guided feature selection..

4. Conclusion

This study proposed a Parkinson's disease classification pipeline that addresses three limitations commonly
found in previous studies, namely class imbalance, data leakage, and limited model interpretability. SMOTE
was applied exclusively within each cross-validation fold to prevent data leakage, while XGBoost was used as
the classifier and SHAP was employed as the main feature analysis method. The results showed that SMOTE
improved F1-Score from 0.9400 to 0.9527 and Accuracy from 0.9077 to 0.9282, while the AUC-ROC value
remained within the excellent category. The final model achieved a mean AUC-ROC of 0.9614 and a Recall of
0.9592 across five stratified folds, indicating good and consistent classification performance. SHAP analysis
also showed differences between XGBoost built-in importance and feature contributions to prediction, with
MDVP:Shimmer ranking 3rd by built-in importance but only 19th by SHAP.

Furthermore, the feature compression experiment showed that the top-8 SHAP-ranked features, namely
spread2, PPE, MDVP:Fhi(Hz), spreadl, D2, MDVP:Fo(Hz), MDVP:RAP, and DFA, were sufficient to achieve
performance comparable to the full 22-feature model in terms of both Accuracy and AUC-ROC. These findings
indicate that SHAP can provide additional information for feature selection beyond XGBoost built-in
importance. Future studies may validate the proposed pipeline using larger and more diverse datasets,

136



Azizah, Dewi
Media Jurnal Informatika, 2026, 18 (1), 126-138

incorporate recordings from real clinical environments, and investigate hyperparameter optimization combined
with SHAP-based feature selection to further improve model generalizability.
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