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 Abstract  
Background: The k-nearest neighbours (k-NN) is a well-established classifier in machine learning. Yet, 
its performance drops and computational costs rise with extensive or redundant datasets. Furthermore, 
current instance selection (IS) approaches often face scalability problems and are sensitive to 
parameter settings. 
Objective: This study seeks to design a straightforward and efficient IS algorithm that reduces both 
dataset size and computational demands, yet preserves or enhances the accuracy of k-NN 
classification. 
Methods: We propose Euclidean ranking-based instance selection (ERbIS), a novel IS approach that 
prioritises samples based on their Euclidean distance from a single anchor point. In this study, two 
anchor points are introduced: the first data anchor point (FD) and the mean of each column anchor point 
(MEC). Both ERbIS models (ERbIS-FD and ERbIS-MEC) are evaluated across 21 KEEL datasets. For 
performance comparison, the ERbIS models are benchmarked against current and state-of-the-art 
methods, including condensed nearest neighbour rule (CNN), edited nearest neighbour rule (ENN), 
adaptive threshold-based instance selection algorithm (ATISA1), decremental reduction optimization 
procedure (DROP3) and ranking-based instance selection (RIS1). The evaluation focuses on reduction 
speed, reduction rate and k-NN classification accuracy. 
Results: The ERbIS models reduce dataset size by an average of 35 to 40% without compromising 
accuracy compared to the original k-NN and state-of-the-art IS models. Both ERbIS models also 
demonstrate superior computational efficiency in the reduction process relative to ENN and CNN. 
Notably, the ERbIS-MEC variant, which utilises the mean of each column as the anchor point, achieves 
the highest generalisation accuracy among all current and state-of-the-art models. 
Conclusion: ERbIS offers an efficient and scalable approach for instance selection in k-NN 
classification, achieving significant data reduction and enhanced predictive accuracy with minimal 
parameter tuning. The model demonstrates strong potential for application to large datasets and may 
be further improved by investigating alternative distance metrics or integrating hybrid instance selection 
strategies.  

 Index Terms 
Instance selection; k-nearest neighbours; Data reduction; Euclidean distance; Data classification. 

  

1 INTRODUCTION 
Recognised for its simplicity, the k-nearest neighbours (k-NN) algorithm remains a 

fundamental tool in machine learning classification. According to Boateng et al. 

(2020), k-NN works by assigning each new data point to the most common class 

among its nearest neighbours. Its non-parametric nature eliminates the need for a 

formal training stage, making it both flexible and easy to use.   
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Despite its straightforward design, k-NN has achieved strong results in fields such as visual recognition, textual 

analysis and medical diagnostics. The performance of k-NN depends heavily on both the quality and size of the data 

samples. Syriopoulus et al. (2023) and Zhang (2021) have highlighted that as datasets become larger, k-NN often 

encounters problems, including higher computational demands and increased vulnerability to noise and redundant 

information. Furthermore, as noted by Zhang (2021), the time required for making predictions increases in 

proportion to the number of data samples, which can pose significant challenges when working with extensive 

datasets. Xing and Bei (2020) reported that the presence of irrelevant or mislabelled data can substantially reduce 

classification accuracy, as k-NN does not differentiate between data points during the neighbour selection process. 

To address these drawbacks, researchers have proposed instance selection (IS) and data reduction (DR) approaches. 

For example, Eleftheriadis et al. (2024) emphasized that the main objective is to identify and retain a representative 

subset of data, thereby preserving the necessary structure for accurate classification. By excluding data points that 

are redundant, noisy or irrelevant, these methods can accelerate the prediction process and potentially enhance the 

classification accuracy of k-NN. Previous studies, such as those by Cavalcanti and Soares (2020) and An et al. (2021), 

have indicated that these refined subsets can achieve similar or even improved accuracy compared to the full dataset. 

Moreover, reducing the data volume offers considerable gains in computational efficiency, making it feasible for k-

NN to process larger datasets. 

Although advances in DR methods have benefited k-NN classification, further development is necessary, 

particularly in terms of scalability and adaptability. As observed by Kordos et al. (2021), expanding datasets in both 

size and complexity presents challenges for many IS algorithms in managing increased data volume. The 

computational costs involved in the data reduction stage can at times undermine improvements achieved during 

classification, which is a well-recognised limitation among several IS algorithms. 

Another notable concern is the potential for IS algorithms to eliminate infrequent but essential cases. Shi (2020) 

pointed out that this can erode the representation of minority classes and weaken the overall generalisation ability 

of the classifier. Furthermore, Blachnik and Kordos (2020) and Li et al. (2020) have noted that these algorithms 

frequently suffer from unstable performance and heightened sensitivity to parameter adjustments. The effectiveness 

of hybrid and ensemble methods often depends on parameter selection, which can differ greatly depending on data 

characteristics. Malhat et al. (2020) highlighted that such factors complicate implementation and can cause 

inconsistent outcomes across datasets. Consequently, there is a clear demand for more adaptive, scalable and 

context-sensitive IS algorithms. 

This work introduces an innovative IS method that extends the use of Euclidean distance and ranking techniques. 

The aim is to decrease storage needs while improving k-NN classification. Our approach identifies a single anchor 

point and measures the Euclidean distance of all dataset instances from this anchor. Instances are then ranked based 

on their closeness. We call this method the Euclidean ranking-based instance selection (ERbIS).  

This manuscript is an extended version of our previous conference paper, which introduced the ERbIS algorithm 

with the mean of each column (MEC) anchor point (Hossin & Rushdi, 2025). In the earlier work, we presented the 

basic approach and evaluated its performance on multiple datasets. In this extended study, we propose a new variant 

of the ERbIS algorithm by introducing an additional anchor point, referred to as the first data (FD) anchor-point. 

Both ERbIS models operate by calculating the distance between the selected anchor point and each data instance. 

The calculated distances are ranked to form an ordered list, 𝐿. For each class segment in this list, we select the first 

and last instances as the most informative prototypes and discard the remainder as redundant. This strategy is 

designed to address computational challenges related to instance selection and to reduce storage requirements, 

while aiming to preserve or improve the classification accuracy of k-NN. 

In our previous paper (Hossin & Rushdi, 2025), we evaluated the ERbIS-MEC model using twenty-one datasets from 

the KEEL repository. We compared its performance with two leading models and three current instance selection 

algorithms, focusing on accuracy and reduction rate. In this paper, we present an extended analysis by evaluating 

both ERbIS models (ERbIS-MEC and ERbIS-FD) with additional comparison criteria, including reduction speed, 

reduction rate and classification accuracy. The results show that both ERbIS models achieve substantial reductions 

in training set size and demonstrate fast reduction speed. They consistently maintain or enhance the classification 

accuracy of k-NN. Overall, ERbIS demonstrates superior performance compared to state-of-the-art IS models and 

remains competitive with more recent IS models. 

https://aip.vse.cz/
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The rest of this paper is organised as follows. The subsequent section examines the fundamental aspects of k-NN 

and DR, with particular attention to IS and similarity distance metrics. Section 3 details the proposed methodology. 

In Section 4, the experimental framework is presented alongside a comprehensive analysis of the results and a 

discussion of their implications. The final section offers a summary of the key contributions and outlines future 

research directions. 

2 RELATED WORKS 
This section provides an overview of the k-NN algorithm and the principles of data reduction. The discussion pays 

attention to IS, which supports efficient data handling and robust classification performance. It further explores 

similarity distance measures used to assess the closeness of data observations in k-NN and related techniques. 

2.1 Review on k-NN 
The k-NN algorithm is regarded as one of the earliest and most fundamental classification methods in machine 

learning. Despite its long history, it continues to attract significant academic attention. Its enduring importance is 

attributed to its simplicity, resilience and adaptability. According to Amer et al. (2025) and Halder et al. (2024), 

numerous studies have sought to address its limitations and enhance its efficiency, particularly for applications 

involving large and complex datasets. 

The k-NN classifier operates on the principle of proximity in feature space. When given an unlabelled input 𝑥, the 

algorithm computes its distance to all instances in the labelled training set 𝒟 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2, ⋯ , (𝑥𝑛 , 𝑦𝑛))}, where 

each 𝑥𝑖  represents a feature vector and 𝑦
𝑖
 its corresponding class label. The class of 𝑥  is predicted based on the 

majority among its 𝑘 nearest neighbours. While Euclidean distance is commonly employed, Kalra et al. (2022) 

suggested that alternatives such as Manhattan and Mahalanobis distances are also effective, especially when datasets 

contain features with varying scales or internal correlations.   

As noted by Feng and Zhang (2025) and Ortiz-Villaseñor et al. (2025), k-NN remains relevant largely due to its non-

parametric nature, which enables it to capture complex and nonlinear patterns in data without presuming any 

underlying distribution. This flexibility supports its widespread application in fields such as pattern recognition, 

text classification, bioinformatics and recommendation systems. Moreover, the transparent decision-making process 

of k-NN, where each prediction directly relates to the nearest data points, enhances its value in domains that require 

interpretability.   

Despite these strengths, k-NN is not without its drawbacks. As highlighted by Boateng et al. (2020) and Syriopoulus 

et al. (2023), the computational costs of k-NN increase linearly with the size of the training data, since each prediction 

necessitates computing distances to all training instances. This can make k-NN inefficient for large datasets, with 

memory usage and prediction time becoming significant concerns. Additionally, Zhang (2021) pointed out that k-

NN is sensitive to irrelevant or redundant data, which can adversely affect classification accuracy.   

To address these challenges, many researchers have focused on improving k-NN through efficient DR and IS 

strategies. According to Eleftheriadis et al. (2024), these methods work by selecting a representative subset of 

instances from the training set, thereby boosting computational efficiency and minimizing the influence of noise and 

redundancy. Recent advancements in instance selection algorithms have further enhanced the scalability and 

accuracy of k-NN in real-world applications. Ongoing research continues to reinforce the position of k-NN as a 

valuable and evolving tool within the machine learning landscape. 

2.2 Review on IS algorithms 
IS algorithms play a vital role in reducing data for supervised learning. Their goal is to find a smaller subset 𝒮 ⊂ 𝒟 

that maintains the discriminative power of the original dataset while lowering computational costs and reducing 

noise effects. These methods are especially useful in instance-based learning such as k-NN, where large datasets 

often cause excessive memory use and slow prediction performance. 

According to Malhat et al. (2020), early IS algorithms, often referred to as classical IS, include the condensed nearest 

neighbour rule (CNN), edited nearest neighbour rule (ENN) and the decremental reduction optimisation procedure 

(DROP) family. These methods seek to reduce dataset size by eliminating redundant or misclassified samples to 

https://aip.vse.cz/
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improve storage efficiency and noise robustness. However, as discussed by Cavalcanti and Soares (2020), these 

algorithms may not always strike the optimal balance between reduction rate and accuracy, and their effectiveness 

can vary across datasets.   

Recent advances have introduced more sophisticated IS algorithms. For example, Carbonera (2021) highlighted 

density-based approaches such as global density-based IS (GDIS) and enhanced global density-based IS (EGDIS), 

which utilise global or local density and relevance functions to identify representative instances. The goal, as 

described by Malhat et al. (2020), is to balance reduction rate, classification accuracy and computational efficiency. 

These advanced methods often outperform traditional density-based techniques, especially on large datasets. 

The ranking-based instance selection (RIS) method, as presented by Cavalcanti and Soares (2020), evaluates instance 

similarity and removes those situated in both safe and indecision regions, aiming to maintain a balance between 

accuracy and reduction. In addition, evolutionary algorithms, including genetic and cooperative co-evolutionary 

frameworks, have been extensively applied for IS. Kordos et al. (2021) and Zhai and Song (2022) have noted that 

these approaches optimise instance subsets by maximising accuracy and minimising storage use, often employing 

multi-objective fitness criteria. Although these methods offer reliable and adaptable results, they typically require 

greater computational resources.  

Ensemble strategies have also been explored for IS. Abdalla et al. (2025) described approaches such as bagging and 

boosting, which involve combining several algorithms or applying a single algorithm across different subsets to 

enhance stability and overall performance. However, it should be noted, as highlighted by Blachnik (2019), that such 

strategies may lead to a decrease in compression ability. 

Recent hybrid methods integrate IS with preprocessing techniques such as feature selection or employ 

decomposition strategies such as the one-versus-one (OVO) approach for multiclass classification. As reported by 

Fang et al. (2023), OVO-based IS has demonstrated enhanced accuracy and higher reduction rates for classifiers 

including support vector machine (SVM) and k-NN. Moran et al. (2022) discussed the emergence of reinforcement 

learning (RL) and curiosity-driven frameworks, which offer flexible control over noise removal and data reduction. 

Cluster-oriented selection represents another promising direction. Studies by Abdelhay et al. (2025) and Saha et al. 

(2022) have demonstrated that clustering can be used to sample instances from both cluster centres and borders, 

resulting in a 2-3% improvement in k-NN accuracy over existing methods. 

Despite these advancements, Eleftheriadis et al. (2024) emphasised that no single IS algorithm consistently 

outperforms others across all domains. Achieving a balance between reduction rate, accuracy and computational 

costs remains a significant challenge. Furthermore, the number and sensitivity of parameters can influence practical 

applications. For this reason, the choice of instance selection method should be guided by dataset characteristics, 

application requirements and available computational resources.   

Overall, IS algorithms hold a central role in enabling k-NN to function effectively with large and complex datasets. 

Their use boosts classification efficiency and predictive reliability. Continued efforts should explore how to improve 

scalability, adaptability and robustness to achieve better IS and k-NN performance. 

2.3 Review on similarity distance measurements 
The choice of similarity or dissimilarity distance measure is pivotal in determining the performance and relevance 

of data analysis tasks. According to Levy et al. (2025), this selection directly affects the accuracy of results obtained 

from real datasets. Earlier investigations, as reported by Alfeilat et al. (2019), identified approximately 54 core 

measures spanning eight distinct families. More recently, Muniswamaiah et al. (2023) expanded this count to 78, 

illustrating the diversity of available similarity and dissimilarity measures. Nevertheless, Alfeilat et al. (2019) 

highlighted that no single distance measure consistently outperforms others across all datasets. The effectiveness of 

each measure is context-dependent, a finding that aligns with the no free lunch theorem. This underscores the 

importance of choosing a distance measure tailored to the specific characteristics of the data to ensure robust 

analytical outcomes. 

In this study, we aim to enhance DR methods by extending the functionality of the classic Euclidean distance, 

recognised as part of the Minkowski family (Alfeilat et al., 2019). Euclidean distance is renowned for its ability to 

identify the shortest path between two points in a multidimensional space. As noted by Shirkhorshidi et al. (2015) 

https://aip.vse.cz/
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and Muniswamaiah et al. (2023), it remains a popular choice in machine learning (ML) due to its intuitive 

interpretation, suitability for continuous and uniformly scaled features and computational efficiency, which scales 

linearly with data size. 

This efficiency makes Euclidean distance especially well-suited for high-dimensional or resource-constrained 

environments where rapid computation is necessary. Empirical evidence presented by Shirkhorshidi et al. (2015) 

demonstrates that Euclidean distance excels at identifying patterns in datasets characterised by compact groupings 

and distinct clusters, as it precisely captures variations in data magnitude. Consequently, Euclidean distance 

supports the objectives of our proposed approach, which is designed to uncover inherent patterns and structures in 

complex datasets.  

3 PROPOSED METHOD 

Our review shows that most IS algorithms still face difficulty in finding the best balance among reduction rate, 

accuracy and computational costs. Recent hybrid methods improve accuracy but often increase computational 

demands. Ensemble approaches can keep or exceed baseline accuracy yet usually reduce data compression and 

efficiency. Many IS algorithms also depend on extensive parameter tuning, where several parameters are both 

numerous and sensitive, requiring precise adjustment for best performance. These limitations have led us to design 

a simpler IS method with minimal reliance on complex parameter tuning. The proposed algorithm is named 

Euclidean ranking-based instance selection (ERbIS).    

3.1 ERbIS 
This section presents the stepwise procedure of the proposed ERbIS algorithm. For the sake of clarity, the notations 

used in the ERbIS procedure are introduced below. 

• Let 𝑁 be the total number of instances and 𝑑 the number of features. 

• Let 𝒟 =  {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁  be the full dataset, where: 

o 𝑥𝑖 ∈ ℝ𝑑 is the feature vector for instance 𝑖; 

o 𝑦
𝑖
 is the corresponding class label (𝑦

𝑖
∈ 𝑌, the set of possible classes). 

• Split the dataset into: 

o training set: 𝒟𝑡𝑟𝑎𝑖𝑛 = {(𝑥𝑖, 𝑦
𝑖
)}

𝑖=1

𝑛𝑡𝑟𝑎𝑖𝑛
 

o test set: 𝒟𝑡𝑒𝑠𝑡 = {(𝑥𝑖, 𝑦
𝑖
)}

𝑖=𝑛𝑡𝑟𝑎𝑖𝑛+1

𝑁
 

o thus, 𝑛𝑡𝑟𝑎𝑖𝑛 + 𝑛𝑡𝑒𝑠𝑡 = 𝑁 

• Let 𝑋𝑡𝑟𝑎𝑖𝑛 ∈ ℝ𝑛𝑡𝑟𝑎𝑖𝑛×𝑑 and 𝑦
𝑡𝑟𝑎𝑖𝑛

∈ ℝ𝑛𝑡𝑟𝑎𝑖𝑛  denote the feature matrix and label vector for training data; similarly, 

for 𝑋𝑡𝑒𝑠𝑡, 𝑦
𝑡𝑒𝑠𝑡

. 

• Let the anchor point be 𝑎 ∈ ℝ𝑑. 

• Let 𝑃 denote the set of selected prototypes. 

 

Step 1: Finding an anchor data point 

The first step in the ERbIS algorithm is to determine an anchor point 𝑎 ∈ ℝ𝑑 in the feature space, which will serve as 

the reference for ranking instances in the subsequent steps. In this study, we consider two types of anchor points, as 

given in the following definitions. 

Definition 1 (mean of each column anchor point): Given a training dataset 𝑋𝑡𝑟𝑎𝑖𝑛 ∈ ℝ𝑛𝑡𝑟𝑎𝑖𝑛×𝑑, the MEC anchor point 

is defined as the mean vector of all training instances: 

 
𝑎𝑀𝐸𝐶 = [

1

𝑛𝑡𝑟𝑎𝑖𝑛

∑ 𝑥𝑖

𝑛𝑡𝑟𝑎𝑖𝑛

𝑖=1

] (1) 

where 𝑥𝑖 denotes the 𝑖-th row of 𝑋𝑡𝑟𝑎𝑖𝑛. 
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Definition 2 (first data anchor point): The FD anchor point is simply defined as the first instance in the training set: 

 𝑎𝐹𝐷 = 𝑥1 (2) 

where 𝑥1 denotes the first row of 𝛸𝑡𝑟𝑎𝑖𝑛. 

In practice, either 𝑎𝑀𝐸𝐶 or 𝑎𝐹𝐷 is selected as the anchor point 𝑎 for the subsequent distance computation and instance 

ranking steps. 

 

Step 2: Compute Euclidean distances 

For each training instance 𝑥𝑖, compute its Euclidean distance to the anchor: 

 

𝑑𝑖 = ‖𝑥𝑖 − 𝑎‖2 = √∑(𝑥𝑖𝑗 − 𝑎𝑗)
2

𝑑

𝑗−1

 (3) 

for 𝑖 = 1, ⋯ , 𝑛𝑡𝑟𝑎𝑖𝑛. 

 

Step 3: Rank instances by distance 

Let 𝜋 be the permutation of indices such that: 

 𝑑𝜋(1) ≤ 𝑑𝜋(2) ≤ ⋯ ≤ 𝑑𝜋(𝑛𝑡𝑟𝑎𝑖𝑛) (4) 

Re-order 𝑋𝑡𝑟𝑎𝑖𝑛 and 𝑦
𝑡𝑟𝑎𝑖𝑛

 according to 𝜋: 

 𝑥̃𝑖 = 𝑥𝜋(𝑖), 𝑦̃
𝑖

= 𝑦
𝜋(𝑖)

 for 𝑖 = 1, ⋯ , 𝑛𝑡𝑟𝑎𝑖𝑛 (5) 

 

Step 4: Instance selection 

Let {(𝑥̃𝑖, 𝑦̃
𝑖
)}

𝑖=1

𝑛𝑡𝑟𝑎𝑖𝑛
 denote the set of training instances, sorted by increasing distance to the anchor point as described 

in Step 3. The objective of this step is to select a minimal set of boundary instances (prototypes) that represent each 

contiguous segment of instances sharing the same class label in the ranked list. Define the prototype set as 𝑃 = ∅. 

Proceed as follows: 

For each unique class 𝑐 ∈ 𝑌, identify all contiguous segments 𝑆𝑐
𝑗  of instances with the label 𝑐 in the ranked list. That 

is, for each segment 𝑆𝑐
𝑗 = {(𝑥̃𝑘, 𝑦̃

𝑘
), ⋯ , (𝑥̃𝑙, 𝑦̃

𝑙
)} such that 𝑦̃

𝑘
= ⋯ = 𝑦̃

𝑙
= 𝑐 and either 𝑘 = 1 or 𝑦̃

𝑘−1
≠ 𝑐 and either 𝑙 =

𝑛𝑡𝑟𝑎𝑖𝑛 or 𝑦̃
𝑙+1

≠ 𝑐, add the first and last instance of the segment to the prototype set: 

 𝑃 ← 𝑃 ∪ {(𝑥̃𝑘 , 𝑐), (𝑥̃𝑙 , 𝑐)} (6) 

If 𝑘 = 𝑙 (the segment contains only one instance), add only (𝑥̃𝑘, 𝑐). Repeat this process for all class segments in the 

ranked list. The resulting prototype set 𝑃 thus contains the boundary instances for each contiguous class segment, 

which are expected to be most informative for preserving class distinctions near class boundaries. 

 

Step 5: k-NN classification process 

The final prototype set, denoted as 𝑃 = {(𝑝𝑗 , 𝑞𝑗)}
𝑗=1

𝑚
, where 𝑝

𝑗
∈ ℝ𝑑  and 𝑞

𝑗
∈ 𝑌 , serves as the reference set for 

classification. For a given test instance 𝑥𝑡𝑒𝑠𝑡 ∈ ℝ𝑑 , the class assignment is determined using the k-NN rule. 

Specifically, the Euclidean distance between 𝑥𝑡𝑒𝑠𝑡 and each prototype 𝑝
𝑗
 in 𝑃 is computed as 𝑑𝑗

𝑡𝑒𝑠𝑡 = ‖𝑥𝑡𝑒𝑠𝑡 − 𝑝
𝑗
‖

2

. 

The k prototypes with the smallest distances to 𝑥𝑡𝑒𝑠𝑡 are identified and the predicted class label 𝑦̂
𝑡𝑒𝑠𝑡

 is assigned as 

the most frequent class among these k nearest prototypes, that is, 

https://aip.vse.cz/
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 𝑦̂
𝑡𝑒𝑠𝑡

= mode({𝑞
𝑗
: 𝑗 ∈ 𝑁𝑘(𝑥𝑡𝑒𝑠𝑡)}), (7) 

where 𝑁𝑘(𝑥𝑡𝑒𝑠𝑡) denotes the set of indices corresponding to the 𝑘 nearest prototypes in 𝑃. This approach enables 

efficient and accurate classification by utilising the compact and informative prototype set constructed in the earlier 

steps. 

4 EXPERIMENTAL SETUP AND RESULTS 
This section describes the experimental setup and presents the corresponding findings. Additionally, it discusses the 

implications of these results in the context of IS and classification performance. 

4.1 Experimental design 
To ensure a fair and comprehensive evaluation across multiple application areas, we utilised the 21 datasets 

introduced by Cavalcanti and Soares (2020), as listed in Table 1. These datasets are publicly available in the KEEL 

Repository (Alcalá-Fdez et al., 2011) at https://sci2s.ugr.es/keel/datasets.php. The experimental setup closely follows 

the procedure outlined by Cavalcanti and Soares (2020) to facilitate direct comparison of results.  

For the experiments, all data types within each dataset were subjected to min–max normalisation, which scales 

feature values to the range [0, 1]. This approach was applied uniformly, without emphasis on the specific treatment 

of different data types, as the focus of the study was not on investigating their individual impacts. The normalisation 

process ensures that all features, regardless of their original scale or type, contribute equally to distance-based 

measures within the classification algorithms. Min–max normalisation for a feature 𝑥 is defined as follows: 

 𝑥 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (8) 

where 𝑥𝑚𝑖𝑛  and 𝑥𝑚𝑎𝑥  are the minimum and maximum values of the feature 𝑥  within the dataset, respectively. 

Additionally, all the datasets were complete and free from missing values, so no imputation procedures were 

necessary. 

For evaluation, we employed stratified 10-fold cross-validation to partition the datasets into training and test sets. 

In stratified 𝑘-fold cross-validation, the original dataset 𝐷 is partitioned into 𝑘 mutually exclusive subsets (folds) 

𝐷1, 𝐷2, ⋯ , 𝐷𝑘 of approximately equal size, while preserving the percentage of samples for each class label across all 

folds. Specifically, for each iteration 𝑖 ∈ {1, 2, ⋯ , 𝑘}, the fold 𝐷𝑖 is held out as the test set and the remaining 𝑘 − 1 

folds are combined to form the training set. The procedure is mathematically expressed as: 

 
Accuracy =  

1

𝑘
∑ Accuracy𝑖

𝑘

𝑖=1

 (9) 

Where Accuracy
𝑖
 denotes the classification accuracy obtained in the 𝑖-th fold. Stratification ensures that each fold 

maintains the class distribution of the original dataset, thereby preventing bias towards majority classes and 

ensuring reliable evaluation across minority classes as well. By adhering to this experimental setup, we ensure that 

the evaluation of ERbIS is both rigorous and consistent with established benchmarks. 

Table 1. Dataset characteristics. 

Datasets #Instances #Attributes #Classes 

appendicitis 106 7 2 

balance 625 4 3 

bupa 345 6 2 

coil2000 9822 85 2 

contraceptive 1473 9 3 

haberman 306 3 2 

hayes-roth 160 4 3 

heart 270 13 2 

https://aip.vse.cz/
https://sci2s.ugr.es/keel/datasets.php


Acta Informatica Pragensia  Volume 15, 2026 

https://doi.org/10.18267/j.aip.310  8 https://aip.vse.cz 

Datasets #Instances #Attributes #Classes 

ionosphere 351 33 2 

led7digit 500 7 10 

marketing 6876 13 9 

monk-2 432 6 2 

move-libras 360 90 15 

pima 768 8 2 

segment 2310 19 7 

titanic 2201 3 2 

vowel 990 13 11 

wine 178 13 3 

wineQ-red 1599 11 6 

wineQ-white 4898 11 7 

yeast 1484 8 10 

4.1.1 Experimental evaluation 

The experimental evaluation was conducted in two separate phases to assess the effectiveness of the proposed ERbIS 

algorithm. In the first phase, two models, ERbIS-FD and ERbIS-MEC, were tested against established baselines. Their 

performance was compared with the traditional k-NN algorithm and two recognised instance selection techniques, 

namely ENN and CNN. Three performance metrics were used to ensure a fair comparison, namely reduction time 

(𝑇red), reduction percentage (𝑅%) and classification accuracy (𝐴%). 

Definition 3 (reduction time): Reduction time ( 𝑇𝑟𝑒𝑑 ) is defined as the total computation time, measured in 

milliseconds (ms), required by instance selection to process the original dataset and produce a reduced dataset. 

Formally, let 𝑡𝑠𝑡𝑎𝑟𝑡 and 𝑡𝑒𝑛𝑑 denote the start and end timestamps of the reduction process, respectively, then 𝑇𝑟𝑒𝑑 =

𝑡𝑒𝑛𝑑 − 𝑡𝑠𝑡𝑎𝑟𝑡. 

Definition 4 (reduction percentage): Reduction percentage (𝑅%) quantifies the proportion of instances eliminated 

from the original dataset because of the instance selection process. Let 𝑁original denote the number of instances in the 

original dataset and 𝑁selected the number of instances remaining after selection. The reduction percentage is defined 

as: 𝑅% =
𝑁original−𝑁selected

𝑁original
× 100%. 

Definition 5 (classification accuracy): Classification accuracy (𝐴%) measures the proportion of correctly classified 

test instances in the evaluation phase. Let 𝑁correct be the number of correctly classified instances and 𝑁total the total 

number of test instances. The classification accuracy is given by: 𝐴% =
𝑁correct

𝑁total
× 100%. 

Previous research has mainly emphasised classification accuracy and reduction percentage while neglecting the 

importance of time efficiency. Consequently, comprehensive comparisons that include reduction times are limited. 

To bridge this gap, we conducted manual experiments and measured reduction time along with the other two 

common performance measures (Cavalcanti & Soares, 2020).   

The second stage of our analysis compared ERbIS-FD and ERbIS-MEC with three established IS methods introduced 

by Cavalcanti and Soares (2020). These are RIS1, DROP3 and adaptive threshold-based instance selection (ATISA1). 

Each method offers a balance between accuracy and reduction rate. DROP3 maintains high generalisation accuracy 

even with a significant reduction of instances. ATISA1 selects data dynamically through adaptive thresholds, 

reducing noise while preserving relevance. RIS1 prioritises instances by rank to retain informative samples. 

Reduction rate and classification accuracy served as the main performance metrics. This allowed an assessment of 

how well the proposed models reduce data size while maintaining predictive accuracy. 

Overall, the evaluation strategy promotes fair and detailed examination of the proposed IS algorithms in various 

contexts. The findings provide essential insight into their practical benefits for machine learning. 

https://aip.vse.cz/
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4.1.2 System and hardware requirements 

All the experiments in phase one were conducted on a standard desktop computer with an Intel Core i5 7200U 

processor operating at 2.5 GHz, 12 GB of RAM and an NVIDIA GeForce GT 940MX GPU. This configuration offered 

sufficient computing power to process and analyse the selected datasets efficiently. The proposed ERbIS algorithm 

was implemented in Python 3.8 using reliable open-source libraries to ensure reproducibility and ease of use. Data 

handling and numerical operations were performed with NumPy and Pandas. Machine learning procedures, 

including the implementation of k-NN, ENN and CNN algorithms, along with stratified k-fold cross-validation and 

performance assessment, were carried out using the Scikit-learn library (Pedregosa et al., 2011). The use of Python 

and open-source tools not only ensure reproducibility but also promotes transparency, supporting future research 

and development in this field. 

4.2 Results 
In phase one, comprehensive parameter tuning was performed for 𝑘 values of 1, 2, 3, 5 and 7 to determine the 

optimal setting for each classification model. The tuning process involved systematically evaluating the classification 

accuracy of each model across these 𝑘 values to identify which setting yielded the highest performance. Selecting an 

appropriate 𝑘 is crucial in the k-NN algorithm, as lower values may result in more sensitive or unstable predictions, 

while higher values can reduce sensitivity to noise but may overlook important local patterns. By rigorously testing 

a range of 𝑘 values, this study ensures that each model is assessed under its most effective conditions. The 𝑘 value 

that produced the best performance for each model is presented in Table 2, allowing a fair and focused comparison 

across different algorithms. This approach underscores the importance of parameter tuning in optimising 

classification models and ensures that the reported results accurately reflect the capabilities of each method under 

optimal circumstances. 

For phase two, the reduction percentage (𝑅%) and classification accuracy (𝐴%) for RIS1, ATISA1 and DROP3 were 

taken from the study by Cavalcanti and Soares (2020). It is important to note that all the reported results are mean 

values, calculated using 10-fold cross-validation for each test model. 

Table 2. Phase 1 performance evaluation. 

Algorithms IS models Best 𝒌 result Classification models 

k-nearest neighbour - 1 1NN 

Edited nearest neighbour ENN 3 ENN-3 

Condensed nearest neighbour CNN 1 CNN-1 

Euclidean ranking-based instance selection – first data ERbIS-FD 3 ERbISFD-3 

Euclidean ranking-based instance selection – mean of each column ERbIS-MEC 3 ERbISMEC-3 

 

4.2.1 Phase 1 evaluation results 

All the analyses in phase one were carried out using Python. A stratified 10-fold cross-validation method was 

applied to ensure robust results. For each model, the mean values were calculated and are shown in Table 2. These 

mean values were then used for further analysis and comparison.  

As shown in Table 3, the proposed IS models, namely ERbIS-FD and ERbIS-MEC, demonstrated a shorter 

computational time (𝑇red) for the reduction process compared with ENN and CNN. The CNN model exhibited the 

longest computational time (𝑇red) for instance reduction. In contrast, both ENN and the proposed models achieved 

comparable average times. A comparison between ERbIS-FD and ERbIS-MEC indicated that ERbIS-FD performed 

the reduction process marginally faster. This outcome may be attributed to the less complex procedure required for 

anchor determination in ERbIS-FD. 
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Table 3. Reduction time (𝑇red) results (in milliseconds (ms)). 

IS models /  

Datasets 

ENN CNN ERbIS-FD ERbIS-MEC 

𝑻red  𝑻red  𝑻red  𝑻red  

appendicitis 11.81 154.02 17.19 31.94 

balance 14.40 2141.41 24.44 40.34 

bupa 8.63 1065.55 23.42 36.08 

coil2000 525.12 118682.40 411.54 440.26 

contraceptive 31.52 15488.99 43.19 60.40 

haberman 12.04 1025.49 20.54 36.19 

hayes-roth 7.64 171.45 17.19 32.45 

heart 7.98 441.38 22.69 33.74 

ionosphere 11.46 139.35 16.68 35.13 

led7digit 18.75 568.46 18.02 36.77 

marketing 415.53 95302.26 140.85 165.75 

monk-2 9.71 1206.42 24.65 38.25 

move-libras 48.98 298.53 33.16 46.27 

pima 20.21 4241.49 30.24 42.23 

segment 59.76 1086.81 77.96 95.82 

titanic 32.81 55968.83 47.87 68.77 

vowel 29.04 471.07 33.36 50.32 

wine 13.39 116.86 18.23 35.33 

wineQ-red 60.02 2306.59 46.07 59.71 

wineQ-white 404.59 6504.06 106.95 124.99 

yeast 59.36 994.39 38.70 55.00 

Average 99.13 14318.17 63.70 80.87 

Min. value 7.64 116.86 16.68 31.94 

Max. value 525.12 118682.40 411.54 440.26 

 

Based on the data presented in Table 4, the CNN method achieved the highest average reduction percentage (𝑅%) 

among all the approaches tested. Specifically, across the 21 datasets, CNN attained an average reduction of 57.29%. 

This superior reduction rate is attributed to the CNN design, which aggressively condenses the training set by 

retaining only a minimal subset of representative instances while eliminating redundant data points. ERbIS-FD and 

ERbIS-MEC followed with average reduction rates of 40.27% and 35.24%, respectively, while ENN exhibited the 

lowest average reduction performance at 30.13%. While these results underscore the effectiveness of CNN in 

reducing dataset size, it is important to note that a greater reduction rate does not necessarily guarantee improved 

classification accuracy; excessive data reduction may lead to loss of important information, potentially 

compromising the predictive performance of the model. 

In terms of classification accuracy (𝐴%), the proposed model ERbISMEC-3 achieved the highest average value at 

66.46%, followed closely by ERbISFD-3 with an average accuracy of 65.57%. Both models outperformed the baseline 

1-NN, which achieved 60.94%, and also surpassed the performance of state-of-the-art models, including ENN-3 at 

57.28% and CNN-1 at 56.52%. When evaluated across the 21 datasets, both ERbISFD-3 and ERbISMEC-3 delivered 

better classification results than the baseline and benchmark models on 16 datasets. 

Taken together, these findings demonstrate that while CNN excels in terms of reduction rate, the ERbISFD-3 and 

ERbISMEC-3 models are more effective at maintaining or improving classification accuracy, even after substantial 

data reduction. This highlights the importance of balancing reduction rate and predictive performance, as greater 

reduction does not automatically translate into better accuracy. 
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Table 4. Phase 1 comparison – reduction percentage (𝑅%) and classification accuracy (𝐴%). 

Models / 

Datasets 

1NN ENN-3 CNN-1 ERbISFD-3 ERbISMEC-3 

𝑨% 𝑹% 𝑨% 𝑹% 𝑨% 𝑹% 𝑨% 𝑹% 𝑨% 

appendicitis 72.08 21.70 77.93 57.65 79.18 75.68 86.82 75.69 88.64 

balance 73.30 9.30 73.29 65.86 59.85 76.96 80.34 74.28 79.38 

bupa 58.00 7.85 52.18 40.23 60.28 59.96 57.62 50.72 60.22 

coil2000 90.05 23.95 90.26 36.87 87.47 34.86 84.37 30.74 87.47 

contraceptive 42.97 32.72 37.41 45.93 40.93 39.11 40.46 37.11 41.48 

haberman 61.81 41.61 60.77 31.98 62.73 35.17 67.38 33.33 67.99 

hayes-roth 58.36 2.72 41.21 57.11 48.75 58.47 68.13 56.06 63.13 

heart 74.81 41.42 76.67 78.06 75.93 57.53 80.74 45.49 80.74 

ionosphere 84.89 47.76 86.88 71.20 85.74 37.33 85.18 31.69 88.03 

led7digit 60.27 5.00 34.12 53.70 49.80 64.48 68.00 52.61 70.20 

marketing 20.20 62.61 19.01 82.95 22.05 7.62 28.20 5.66 28.26 

monk-2 69.46 28.94 82.40 41.07 80.11 33.46 84.24 34.77 80.08 

move-libras 66.20 21.74 56.67 31.33 66.67 51.02 67.50 36.04 75.28 

pima 67.63 11.91 67.57 83.46 65.10 14.85 72.40 13.13 71.49 

segment 96.30 77.88 91.89 98.60 70.95 12.60 96.75 11.54 96.97 

titanic 60.10 46.21 31.10 27.07 69.15 92.07 53.93 91.72 60.92 

vowel 65.35 72.39 50.20 96.60 49.49 31.24 65.76 30.25 65.35 

wine 90.01 3.03 88.07 87.99 87.03 8.66 94.90 3.45 94.97 

wineQ-red 48.03 14.85 51.41 78.40 31.08 43.59 52.66 31.21 54.91 

wineQ-white 40.02 83.09 41.22 53.53 24.46 6.36 49.88 4.72 49.10 

yeast 40.89 6.20 49.83 40.73 26.69 45.00 57.27 25.01 57.47 

Average 60.94 30.13 57.28 57.29 56.52 40.27 65.57 35.24 66.46 

Min. value 20.20 2.72 19.01 27.07 22.05 6.36 28.20 3.45 28.26 

Max. value 96.30 83.09 91.89 98.60 87.47 92.07 96.75 91.72 96.97 

 

4.2.2 Phase 2 evaluation results 

In phase two evaluation, we compared our proposed models, ERbISFD-3 and ERbISMEC-3, with the current IS 

model, RIS1. We also included two established models, ATISA1 and DROP3, in the analysis. The comparison focused 

on reduction percentage (𝑅%) and classification accuracy (𝐴%). The results for these metrics are displayed in Table 5. 

On average, our proposed model ERbISMEC-3 attained the highest classification accuracy (𝐴%) across 21 datasets. 

This represents an improvement of 0.15% over the current model RIS1, which achieved 66.31% accuracy. In 

comparison, ERbISFD-3 showed a marginally lower average accuracy, falling short of RIS1 by 0.74%. When 

evaluated against ATISA1 and DROP3, both of our proposed models displayed consistently higher accuracy. The 

results show that both ERbISFD-3 and ERbISMEC-3 removed fewer instances, with reduction rates below 41%, 

compared to the three benchmark models, which all achieved rates above 50%. Although the DROP3 method 

produced the highest instance reduction at 81.34%, its generalisation performance was lower, reaching only 61.62%. 

In contrast, ERbISMEC-3 had the smallest reduction rate at 35.24% but achieved the highest generalisation ability of 

66.46%. These outcomes indicate that the proposed methods are more effective at retaining informative instances. 

As a result, both proposed models help preserve and, in some cases, improve classification accuracy. 
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Table 5. Phase 2 comparison – reduction percentage (𝑅%) and classification accuracy (𝐴%). 

Models / 

Datasets 

RIS1 ATISA1 DROP3 ERbIS-FD ERbIS-MEC 

𝑹% 𝑨% 𝑹% 𝑨% 𝑹% 𝑨% 𝑹% 𝑨% 𝑹% 𝑨% 

appendicitis 70.64 80.79 89.62 78.33 90.98 78.33 75.68 86.82 75.69 88.64 

balance 76.53 86.72 73.07 84.92 83.25 85.24 76.96 80.34 74.28 79.38 

bupa 43.83 57.97 44.93 56.86 74.30 56.00 59.96 57.62 50.72 60.22 

coil2000 31.01 94.03 84.17 93.94 99.96 93.96 34.86 84.37 30.74 87.47 

contraceptive 26.14 46.91 67.74 50.34 80.95 48.66 39.11 40.46 37.11 41.48 

haberman 49.20 64.98 78.87 69.69 89.14 70.00 35.17 67.38 33.33 67.99 

hayes-roth 44.79 66.42 81.25 36.11 87.44 44.44 58.47 68.13 56.06 63.13 

heart 50.99 74.44 78.11 81.11 83.46 76.30 57.53 80.74 45.49 80.74 

ionosphere 75.50 90.62 72.43 83.89 93.07 82.22 37.33 85.18 31.69 88.03 

led7digit 16.53 72.37 85.84 41.27 94.82 39.45 64.48 68.00 52.61 70.20 

marketing 82.96 18.28 99.67 21.14 99.79 21.32 7.62 28.20 5.66 28.26 

monk-2 72.79 92.11 37.73 95.45 96.73 79.32 33.46 84.24 34.77 80.08 

move-libras 62.28 78.11 55.94 68.05 62.81 65.27 51.02 67.50 36.04 75.28 

pima 53.78 63.40 61.47 71.69 82.29 71.95 14.85 72.40 13.13 71.49 

segment 88.96 92.12 80.85 92.47 88.58 91.73 12.60 96.75 11.54 96.97 

titanic 17.61 69.06 99.14 32.17 99.84 32.17 92.07 53.93 91.72 60.92 

vowel 76.90 87.88 51.16 88.89 52.83 87.07 31.24 65.76 30.25 65.35 

wine 86.64 93.39 74.66 90.53 84.39 89.47 8.66 94.90 3.45 94.97 

wineQ-red 42.01 45.83 61.09 53.40 81.41 52.16 43.59 52.66 31.21 54.91 

wineQ-white 41.83 41.55 62.00 42.08 81.82 43.34 6.36 49.88 4.72 49.10 

yeast 36.27 41.77 65.00 48.63 81.67 47.32 45.00 57.27 25.01 57.47 

Average 52.15 66.31 68.40 62.77 81.34 61.62 40.27 65.57 35.24 66.46 

Min. value 16.53 18.28 37.73 21.14 52.83 21.32 6.36 28.20 3.45 28.26 

Max. value 88.96 94.03 99.67 95.45 99.96 93.96 92.07 96.75 91.72 96.97 

 

4.3 Discussion  
The results of phase one experiments indicate that both of our proposed IS algorithms, as shown in Table 3, achieved 

slightly faster processing times than ENN and were noticeably faster than CNN. When the FD served as the anchor, 

computation times were shorter compared to using the MEC as the anchor. This is because calculating the mean 

involves additional computational steps (𝑂(𝑛)), while selecting the first data point does not require such processing. 

The process combines distance calculation, ranking from the anchor point ( 𝑂(𝑛) ) and the instance selection 

procedure (𝑂(𝑛)). This combination offers clear computational benefits, especially for larger datasets with more than 

4,000 instances. For example, in datasets such as coil2000 (9,822 instances), marketing (6,876 instances) and wineQ-

white (4,898 instances), our models demonstrated greater efficiency than both ENN and CNN. 

The approach of excluding inner instances while keeping the first and last instances for each class in the ranking list 

led to an improvement in the quality of the selected instances. This improvement is reflected in the generalisation 

ability of these prototypes, which managed to either maintain or enhance the classification accuracy achieved by the 

baseline k-NN classifier. Although the reduction in the number of instances, which ranged from 35 to 40%, was not 

as great as that observed with some alternative algorithms, including the existing IS model, the classification 

outcomes were better. This suggests that the instances selected using this method were of higher quality compared 

to those chosen by other IS algorithms. 

Furthermore, the experimental results demonstrate that the MEC anchor, calculated as the mean of all data points 

in the dataset, consistently achieves higher classification accuracy than the FD anchor. By employing the overall 
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mean as the anchor point, this method offers a reference that represents the collective distribution of the dataset, 

rather than focusing on class-specific characteristics. Although the MEC anchor is susceptible to the influence of 

outliers, its central positioning within the data distribution generally aligns with regions of higher data density, 

which may contribute to improved classification performance. It should be noted, however, that in datasets 

characterised by significant outlier presence or class imbalance, the efficacy of the MEC anchor may be compromised. 

In such cases, the use of class-wise anchors or robust statistical estimators may offer enhanced performance (Shukla 

et al., 2025).  

5 CONCLUSION AND FUTURE WORKS 
This study addresses the significant challenges associated with applying the k-NN classifier to datasets of varying 

sizes and complexity. Specifically, it examines issues related to computational inefficiency and diminished 

classification accuracy, which frequently result from the presence of noisy or redundant data. To address these 

challenges, we proposed the ERbIS algorithm, which implements a straightforward and effective IS strategy based 

on ranking the distances of data points from a designated anchor point. Two anchor point selection methods were 

explored: one based on the mean value of each feature and the other on the first data point in the dataset. Both 

approaches offer flexibility and can be adapted to various data structures. 

A comprehensive set of experiments was carried out using 21 benchmark datasets obtained from the KEEL 

repository. The results show that ERbIS is able to reduce the size of the training set by an average of 35-40%. This 

reduction does not compromise classification accuracy. In many cases, ERbIS even outperforms the baseline k-NN 

method and several well-known IS models, such as ENN, CNN, ATISA1, DROP3 and RIS1. The ERbIS-MEC model 

showed higher generalisation accuracy than the other models. This result highlights the value of choosing a central 

anchor. Such an approach helps keep important instances and reduces the risk of losing samples from the minority 

class. Additionally, the ERbIS-FD model demonstrated superior computational efficiency. Compared to more 

complex models, the ERbIS-FD requires fewer parameter settings and is able to process data more rapidly. These 

characteristics make ERbIS-FD particularly well-suited for large-scale or complex applications. 

The results of this study demonstrate that utilising simple and effective strategies for selecting relevant instances 

can significantly enhance the performance of the k-NN classifier. Specifically, both ERbIS models achieve this 

improvement by carefully removing less important data, which reduces the dataset size while maintaining 

classification accuracy. Furthermore, this IS approach requires minimal parameter adjustment, making both ERbIS 

models easy to implement and robust across a wide variety of datasets. 

Despite these advancements, some limitations remain. The current implementation of ERbIS relies exclusively on 

Euclidean distance, which may not be optimal for datasets exhibiting non-linear relationships or containing 

categorical features. Additionally, while the anchor-based selection strategy generally preserves samples from the 

minority class, there is a risk that rare but important instances may be inadvertently removed during the instance 

elimination process. Such omissions could negatively affect model performance, particularly in cases where the 

dataset is highly imbalanced. 

Future research could explore the integration of alternative distance metrics or the combination of multiple similarity 

measures to further enhance ERbIS. Incorporating domain-specific knowledge in the process of anchor point 

selection may also yield additional benefits. Moreover, developing ensemble or hybrid frameworks that combine 

ERbIS with other DR techniques could further improve its overall effectiveness. Creating adaptive methods for 

anchor point selection, tailored to the unique characteristics of each dataset, may also contribute to better 

generalisation performance. In summary, ERbIS provides an effective solution for IS in k-NN classification and opens 

new opportunities for further research and use in demanding, data-rich settings. 
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