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Abstract

This study analyzes the effect of feature selection on the performance of the K-Nearest
Neighbor (KNN) algorithm in classifying categories in the UCI Hepatitis C dataset, which
contains 615 observations, 12 predictor features, and five target classes. Three scenarios were
compared: KNN using all features, KNN with Chi-Square feature selection, and KNN with
the RChiFE approach, operationalized through Tukey clipping, imputation, scaling, and Chi-
Square feature selection. Evaluation used nested stratified cross-validation (outer 5-fold and
inner 3-fold), with parameter selection based on macro-F1. The results show that RChiFE
achieved a mean accuracy of 0.9187 (SD 0.0287) and macro-F1 of 0.5079 (SD 0.0973),
compared with 0.9008 accuracy and 0.3882 macro-F1 for KNN using all features, and 0.8911
accuracy and 0.3818 macro-F1 for Chi-Square. These findings indicate improved average
performance for RChIiFE in this experiment, although recall for minority classes remains a
concern.
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Introduction

Hepatitis C virus (HCV) infection is a health concern that requires accurate detection and
assessment of liver conditions. Laboratory and demographic data can be used to develop
machine-learning-based classification approaches. The HCV dataset available in the UCI
Machine Learning Repository contains data from blood donors and patients with Hepatitis C,
including disease categories such as hepatitis, fibrosis, and cirrhosis [1].

The K-Nearest Neighbor (KNN) algorithm is a classification method based on distance
between samples. Its performance is affected by feature scales, data distribution, missing
values, outliers, and the number of neighbors (K). In clinical data containing laboratory
variables with different units and ranges, preprocessing and feature selection are important steps
in model development.

Feature selection can reduce input dimensionality while retaining attributes that are
statistically associated with the target class. Chi-Square is a filter method that measures the
association between features and classes. Studies on feature selection for Hepatitis C
classification indicate that attribute selection is a relevant stage to evaluate alongside classifier
performance [2]. Other studies using the UCI HCV dataset also highlight the importance of
preprocessing, class imbalance handling, and feature selection [5].

This study compares KNN without feature selection, KNN with standard Chi-Square
selection, and KNN with the RChiFE approach. In this study, RChiFE is operationally defined
as a process that limits numerical outliers using Tukey fences calculated from training data,
imputes missing values, encodes categorical variables, applies Min-Max scaling, and ranks
features using the Chi-Square statistic. This definition is stated explicitly to support
reproducibility and to avoid presenting RChiFE as a universally standardized algorithm.

The contribution of this study is a controlled evaluation of the effect of feature selection
on KNN performance for five-category HCV classification. Nested cross-validation is used so
that feature and parameter selection are performed only on the training portion of each iteration.
This approach is intended to reduce evaluation bias caused by information leakage.

Literature Review
1. UCI Hepatitis C Dataset
The UCI HCV Data (ID 571) consists of 615 observations and 12 predictor features. The
features include age, sex, and the laboratory indicators ALB, ALP, ALT, AST, BIL, CHE,
CHOL, CREA, GGT, and PROT. The Category variable has five labels: 0=Blood Donor,
Os=Suspect Blood Donor, 1=Hepatitis, 2=Fibrosis, and 3=Cirrhosis. The dataset contains
missing values and is licensed under CC BY 4.0 [1]. The patient identification column was not
used as a predictor.
2. K-Nearest Neighbor
KNN assigns a sample to the majority class among its nearest neighbors. This study uses
Euclidean distance and distance-based weighting. The candidate values of K are 3, 5, 7, 9, and
11. Scaling is necessary because features with larger numerical ranges may otherwise dominate
distance calculations.
3. Chi-Square and RChiFE Feature Selection
The Chi-Square test is used to assess the dependence between non-negative features and
class labels. Because the Chi-Square statistic in the scikit-learn implementation requires non-
negative inputs, numerical features are mapped to a non-negative range using Min-Max scaling.
In this study, RChiFE additionally limits extreme values using Tukey fences calculated
exclusively from training data. All steps are executed within the cross-validation pipeline so
that imputation statistics, outlier thresholds, scaling parameters, and feature scores are not
learned from the test fold.
4. Classification Evaluation
Accuracy measures the proportion of correct predictions. Precision, recall, and F1-score
are calculated using macro averaging so that each class receives equal weight. Balanced
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accuracy is used to reduce dependence on the majority class. The confusion matrix is used to
examine misclassification patterns between classes.

Research Methodology
1. Research Stages

Research Methodology
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Figure 1. Research Stages

The research consists of six stages: data acquisition, preprocessing, data splitting, feature
selection, KNN classification, and model evaluation. The UCI Hepatitis C dataset contains 615
records. Three feature-selection scenarios are compared: no selection, Chi-Square, and
RChIFE. Model performance is evaluated using stratified 5-fold cross-validation based on
accuracy, macro-F1, recall, and balanced accuracy.

2. Data Source and Characteristics

Data were obtained from the UCI Machine Learning Repository, HCV Data dataset 1D
571, DOI 10.24432/C5D612. The number of observations and features follows the repository
metadata. The classification target is Category. The ID column was removed from the predictor
matrix. All five categories were retained to preserve the category information provided in the
dataset.

The raw category distribution shows that the Blood Donor class dominates the dataset.
This imbalance should be considered because accuracy alone may conceal poor performance
on minority classes.

Class Distribution in the UCI HCV Dataset (n=615)
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Figure 2. Distribution Of The Five Categories In The UCI HCV Dataset
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3. Preprocessing and Experimental Scenarios
Numerical features were imputed using the median, while categorical features were
imputed using the mode; the Sex variable was then transformed through one-hot encoding. All
features were mapped to a non-negative scale. In the RChiFE scenario, numerical features were
first clipped to the Tukey fences Q1—1.5xIQR and Q3+1.5xIQR. Chi-Square was then used to
select the highest-scoring features. The candidate numbers of selected features were 4, 6, 8, 10,
and 12.

Table 1. Model Comparison Scenarios

Scenario Preprocessing Feature selection Classifier

A Imputasi, encoding, Not KNN
Min-Max

B Imputasi, encoding, Chi-Square KNN
Min-Max

C Clipping Tukey, RChIiFE KNN
imputasi, encoding, (operasional)
Min-Max

4. Validation and Parameters

Evaluation used outer Stratified 5-Fold Cross-Validation with a fixed random state
(random_state=42). In each outer fold, K and the number of features were selected through
inner Stratified 3-Fold Cross-Validation based on macro-F1. The best model was then evaluated
on the test fold, which had not been used during parameter selection. This design constitutes
nested cross-validation.
5. Reproducibility

The accompanying Python script downloads the dataset using the ucimlrepo package with
dataset ID 571, builds the pipelines, runs cross-validation, and saves fold-level results, metric
summaries, feature-selection frequencies, confusion matrices, and performance comparison
plots. The software-library versions and execution environment should be recorded when the
experiment is run.

Results
1. Dataset Characteristics
The UCI HCV dataset contains 615 records across five target categories. Based on the
uploaded dataset, Blood Donor accounts for 533 observations, Suspect Blood Donor for 7,
Hepatitis for 24, Fibrosis for 21, and Cirrhosis for 30. The dominance of the Blood Donor class
indicates substantial class imbalance; therefore, evaluation should not rely on accuracy alone.
This distribution describes the dataset and is not a model prediction result.

Table 2. Class Distribution In The UCI HCV Dataset

Category Count Proportion
Blood Donor 533 86.67%
Suspect Donor 7 1.14%
Hepatitis 24 3.90%
Fibrosis 21 3.41%
Cirrhosis 30 4.88%
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Class Distribution in the UCI HCV Dataset (n=615)
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Figure 3. Category distribution in the UCI HCV dataset

2. Missing Value Examination
The dataset contains missing values in ALB (1), ALP (18), ALT (1), CHOL (10), and
PROT (1), amounting to 31 missing values across five variables. Missing values must be
handled using statistics learned only from the training data in each validation fold.

Table 3. Summary Of Missing Values In The Reported Variables

Variable Number of missing values
ALB 1
ALP 18
ALT 1
CHOL 10
PROT 1
Missing Values in Laboratory Variables
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Figure 4. Number Of Missing Values In Laboratory Variables
3. Classification Experiment Results

The experiment was successfully run on the uploaded hcvdatO.csv file. All scenarios were
evaluated using outer Stratified 5-Fold Cross-Validation. In each fold, the number of selected
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features and K value were determined through inner Stratified 3-Fold Cross-Validation based
on macro-F1. Table 5 reports the mean and standard deviation of the outer-fold metrics. These
values are measurements on the outer test folds, not training scores.

As shown in Table 5, RChiFE achieved the highest mean accuracy and macro-F1 among
the three evaluated scenarios. RChiFE accuracy was 0.9187, which is 0.0179 higher than KNN
using all features (0.9008) and 0.0276 higher than Chi-Square (0.8911). The difference in
macro-F1 was more pronounced: RChiFE achieved 0.5079, compared with 0.3882 for KNN
using all features and 0.3818 for Chi-Square. This suggests that outlier handling, as
operationalized in RChiFE, improved aggregate performance in this experiment. However, the
standard deviations and imbalanced class distribution require cautious interpretation; the model
should not be considered ready for clinical decision-making. In absolute terms, RChiFE
accuracy was 1.79 percentage points higher than KNN using all features, while macro-F1 was
11.97 percentage points higher. Nevertheless, the confusion matrix shows that the recall for the
Suspect Blood Donor class was zero because none of its samples was correctly predicted. Thus,
improved aggregate scores do not mean that the model performs evenly across all categories.

Table 4. Summary Of Outer Cross-Validation Metrics

Model Accuracy Mac.r 0 Macro recall Macro F1 Balanced
precision accuracy
KNN with 0.9008 + 0.5046 * 0.3570 = 0.3882 + 0.3570 =
all features 0.0156 0.0986 0.0596 0.0608 0.0596
KNN + Chi- 0.8911 + 0.4145 + 0.3677 £ 0.3818 + 0.3677
Square 0.0178 0.0402 0.0638 0.0574 0.0638
KNN + 0.9187 £ 0.6053 0.4752 0.5079 = 0.4752
RChiFE 0.0287 0.1551 0.0885 0.0973 0.0885
KNN Performance Comparison (Nested Stratified 5-Fold CV)
1o BN Accuracy W F1 Macro
W Precision Macro B Balanced Accuracy
B Recall Macro
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Figure 5. Comparison Of Mean Model Metrics; Error Bars Indicate Standard Deviations
Across Outer Folds
The best parameter settings selected in each outer fold show that KNN using all features
selected K=3 in four folds and K=5 in one fold. Chi-Square selected combinations of 4-12
features and K=3 or 5, whereas RChiFE selected 4-12 features and K=5 or 7. These parameters
were selected exclusively through inner cross-validation on the training data of each outer fold.
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Table 5. Parameters Selected In Each Outer Fold
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Model Fold Number of features K
KNN with all 1 12 3
features
KNN with all 2 12 3
features
KNN with all 3 12 3
features
KNN with all 4 12 5
features
KNN with all 5 12 3
features
KNN + Chi-Square 1 12 3
KNN + Chi-Square 2 4 3
KNN + Chi-Square 3 4 5
KNN + Chi-Square 4 4 3
KNN + Chi-Square 5 6 3
KNN + RChiFE 1 4 7
KNN + RChiFE 2 12 5
KNN + RChiFE 3 6 7
KNN + RChiFE 4 12 5
KNN + RChiFE 5 12 7

4. Confusion Matrix Analysis and Feature Stability
The out-of-fold confusion matrix for RChiFE shows that most Blood Donor cases were
correctly identified (529 of 533 observations). For the Cirrhosis class, 22 of 30 observations
were correctly classified. In contrast, none of the 7 Suspect Blood Donor observations was
correctly identified as belonging to its own class. This confirms that, although macro-F1

improved, performance on the smallest class remains limited.

Confusion Matrix KNN + RChiFE (Out-of-Fold)
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Figure 6. Out-Of-Fold Confusion Matrix For The KNN + Rchife Model

Discussion

The results indicate that RChiFE improves KNN performance, achieving the highest
accuracy (91.87%) and macro-F1 score (50.79%) compared with standard KNN and Chi-
Square selection. This suggests that combining Tukey-based outlier handling and feature
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selection can enhance classification performance. However, the model still struggles to identify
minority classes, particularly Suspect Blood Donor, indicating that class imbalance remains a
major challenge. Therefore, further improvements are needed to achieve more balanced
classification performance across all categories.

Limitations

This study is limited by the imbalanced distribution of the UCI Hepatitis C dataset,
particularly the small number of Suspect Blood Donor records. The experiments also rely on a
single dataset and do not include external validation. Although RChiFE improves overall
classification performance, its ability to identify minority classes remains limited. Future
research should consider class-balancing techniques and additional datasets to improve model
generalization and classification reliability.

Conclusion

This study compared KNN using all features, KNN with Chi-Square feature selection,
and KNN with RChiFE on the UCI HCV dataset. Based on nested stratified cross-validation,
RChiFE achieved a mean accuracy of 0.9187 and macro-F1 of 0.5079, higher than the two
comparison scenarios. These results support a positive effect of the operationalized RChiFE
approach on aggregate KNN performance in this experiment. However, the confusion matrix
shows that the Suspect Blood Donor class was not correctly identified, indicating that class
imbalance remains an important limitation. Future work should examine minority-class
handling strategies, external validation, and result stability on independent datasets.
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