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This research proposes an improved version of ReliefF method

for feature selection tasks in data mining. ReliefF-based
algorithms are versatile and effective feature evaluators that
identify conditional dependencies among features across instances,
and they are commonly used in the preprocessing stage for tasks
such as classification and regression. Since its introduction,
numerous extensions of the ReliefF approach have been proposed
to address redundancy, irrelevance, and noisy features, as well as
the inherent limitations of the model in handling both binary and
multi-class datasets. In this paper, we examine the effect of the
usage of multiple number of neighbors in ReliefF algorithm
concurrently with the help of standard majority voting and
weighted majority voting strategies. The proposed method, is
called Multi-k Weighted ReliefF (MW-ReliefF). It requires a set of
different number of neighbors to calculate near hit and near miss
values for each. Then it updates those values with respect to the
weights of the predetermined number of nearest neighbors. The
method is implemented as a preprocessing step for feature
reduction before classifying 20 benchmark binary and multi-class
datasets and classification performance results are obtained and
compared to the counterparts of ReliefF method and its traditional
variants in order to prove the validity of MW-ReliefF. In fact, the
experimental findings demonstrated that the proposed algorithm
outperformed the original ReliefF methods across almost all
datasets.
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1. Introduction

Feature selection is a fundamental step in
data mining and machine learning that
reduces dimensionality, improves model
generalization, and lowers computational
cost (Park & Kwon, 2007). By selecting the
most informative subset of features, it
becomes possible to alleviate overfitting,
shorten training time, and improve
classification accuracy, particularly when
dealing with high-dimensional datasets. The
visual representation of a feature selection
process is given in Figure 1.
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Figure 1. A simple representation of feature
selection process

Feature selection techniques developed
under various evaluation criteria are typically
grouped into three main categories: filter,
wrapper, and embedded methods (McKinney
et al., 2007). Filter methods first choose a
subset of features from the dataset before
training the model, making the selection
process independent of the learning phase.
Examples include Relief and ReliefF.
Wrapper methods, on the other hand,
evaluate subsets directly based on model
performance, such as the Las VVegas Wrapper
(LVW). While these methods often achieve
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better results than filters, they require
repeatedly training the model, which makes
them computationally expensive. The
embedded approach integrates feature
selection into the training process itself, as
seen in methods like Least Absolute
Shrinkage and Selection Operator (LASSO).
In this study, we adopt the filter-based
framework because of its simplicity,
scalability, and independence compared to
wrapper and embedded methods. The
flowchart of a feature selection process is
shown in Figure 2.
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Figure 2. The flowchart of a feature selection
process

Among numerous feature selection
approaches, the Relief family of algorithms
has attracted significant attention. Relief and
its extensions are known as successful
feature evaluators because they estimate the
importance of features by considering
conditional dependencies between instances
(Sun et al., 2010). They have been widely
applied in preprocessing tasks such as
document classification, regression, and
biomedical data analysis. Despite these
advantages, the original Relief algorithm
suffers from several limitations, including
sensitivity to noisy and redundant features,
and challenges in effectively handling both
binary and multi-class problems. A number
of Relief-based variants have been proposed
to address these shortcomings. Algorithms
such as SURF (Greene et al., 2009), TURF
(Moore & White, 2007), and MultiSURF
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(MacKenzie & Moore, 2013) extend the

original framework by modifying
neighborhood  definitions,  incorporating
statistical thresholds, or expanding the

sampling strategy. These extensions have
demonstrated improved performance across
different application domains. However, they
still rely on a fixed neighborhood size
parameter and do not explicitly exploit the
benefits of combining multiple neighborhood
settings simultaneously. Furthermore, the
weighting of neighbor contributions remains
an underexplored dimension in Relief-based
feature evaluation.

Despite the progress achieved by these

Relief-based extensions, an important
methodological gap remains. Existing
approaches generally modify the
neighborhood  definition or  determine
neighborhood relationships using a single
neighborhood configuration at a time.
Consequently, the  feature relevance

estimation may remain dependent on the
characteristics of a particular neighborhood
scale. Although methods such as ReliefSeq
introduce adaptive neighborhood selection
and STIR incorporates a statistical inference
framework, these approaches do not provide
a unified mechanism for aggregating feature
relevance information  obtained  from
multiple neighborhood sizes through an
explicit  weighting scheme.  Similarly,
existing weighted Relief-based approaches
primarily modify the contribution of
individual instances or feature scores rather
than jointly combining the information
obtained from multiple neighborhood scales.
Therefore, there is a need for a feature
selection framework that can simultaneously
consider different neighborhood granularities
and  systematically = aggregate  their
contributions. This constitutes the research
gap addressed by the proposed MW-Relief

algorithm.

Existing  ReliefF  extensions  have
primarily focused on modifying the
neighborhood  definition, adapting the

number of neighbors, introducing statistical
inference, or changing the spatial sampling
strategy. However, these approaches
generally evaluate feature relevance within a
particular neighborhood configuration rather

than explicitly integrating feature relevance
information  obtained  from  multiple
neighborhood sizes into a unified scoring
mechanism. Consequently, the sensitivity of
Relief-based feature evaluation to the choice
of a single neighborhood size remains
insufficiently addressed. A second related
gap concerns the aggregation of information
obtained at different neighborhood scales.
Although weighting strategies have been
investigated in  several  Relief-based
approaches, the joint use of multiple
neighborhood sizes and an explicit weighting
mechanism to aggregate their feature-level
contributions has not been systematically
investigated as a unified feature selection
framework. This gap motivates the
development of MW-ReliefF, which
simultaneously evaluates feature relevance at
multiple neighborhood sizes and integrates
the resulting contributions through a
predefined weighting scheme.

In this study, we propose the Multi-k
Weighted ReliefF (MW-ReliefF) algorithm,
an ensemble extension of ReliefF that
integrates multiple neighborhood sizes
together with majority and weighted
majority voting strategies. Unlike traditional
approaches that use a single k value, MW-
ReliefF computes near-hit and near-miss
contributions across several neighborhood
sizes, and then aggregates them using either
uniform or inverse distance-based weighting
schemes. This enables the algorithm to
capture a more comprehensive view of local
and global feature relevance, making it more
robust to class imbalance and varying data
distributions.

The proposed method is validated on 20
benchmark binary and multi-class datasets.
In extensive experiments, MW-ReliefF is
applied as a preprocessing feature selection
step and compared against ReliefF and its
common  extensions including SURF
(Greene et al., 2009), TURF (Moore &
White, 2007), and MultiSURF (MacKenzie
& Moore, 2013). The results show that MW-
ReliefF improves classification accuracy
over the competing methods on most of the
evaluated benchmark datasets, demonstrating
its effectiveness and practical value for
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feature selection in diverse machine learning
tasks.

Although  MW-ReliefF  retains  the
fundamental neighbor-based principle of the
original ReliefF algorithm, its
methodological ~ contribution  lies in
extending the feature-weighting process
from a single neighborhood scale to a multi-
neighborhood  framework. Conventional
ReliefF assigns feature relevance according
to a predefined neighborhood size, which
provides a single-scale characterization of
feature—class relationships. In contrast, MW-
ReliefF evaluates feature relevance across
multiple neighborhood sizes and integrates
the resulting contributions through a
weighted  aggregation ~ scheme.  This
formulation enables feature importance to be
determined from complementary local
neighborhood structures rather than from a
single neighborhood configuration.
Therefore, the contribution of MW-ReliefF
iIs not a replacement of the underlying
ReliefF mechanism, but a systematic
extension of its feature-weighting framework
that incorporates information obtained at
multiple neighborhood scales.

The resulting framework provides a
unified mechanism  for  integrating
neighborhood-dependent feature relevance
into a single feature ranking. In this respect,
MW-ReliefF differs from approaches that
primarily modify the neighborhood search,
adapt the number of neighbors, or introduce
alternative weighting strategies within a
single  Relief-based formulation.  The
proposed method instead focuses on the
explicit aggregation of relevance information
obtained from multiple neighborhood
configurations, thereby providing a multi-

scale feature selection strategy while
preserving the original ReliefF learning
principle.

The main contributions of this study are
summarized as follows:

*We propose a novel feature selection
algorithm, Multi-k Weighted ReliefF (MW-
ReliefF), which extends the classical ReliefF
by incorporating multiple neighborhood
sizes simultaneously.

*The algorithm leverages both standard
majority voting and weighted majority
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voting strategies to integrate information
from diverse neighborhood structures.

» MW-ReliefF enhances feature selection
by combining near-hit and near-miss
information  obtained  from  multiple
neighborhood sizes through a weighted
aggregation strategy.

*Extensive experiments were conducted
on 20 benchmark binary and multi-class
datasets, including statistical analysis with
accuracy comparisons.

» The results demonstrate that MW-
ReliefF achieves higher classification
performance and stronger feature reduction
capability compared to ReliefF, SURF,
TURF, and MultiSURF on most of the
evaluated benchmark datasets.

The methodological contribution of MW-
ReliefF lies not in replacing the fundamental
ReliefF mechanism, but in introducing a
systematic multi-neighborhood aggregation
framework  for  Relief-based  feature
relevance estimation. While conventional
ReliefF  determines  feature relevance
according to a single neighborhood size,
MW-ReliefF independently obtains feature
relevance contributions at multiple k values
and subsequently combines these
contributions through a predefined weighting
scheme. This design allows information from
different neighborhood scales to contribute
jointly to the final feature ranking.
Therefore, MW-ReliefF can be viewed as an
ensemble-inspired extension of ReliefF at
the feature-scoring level, where the
individual  neighborhood  configurations
provide complementary relevance estimates
rather than independent predictive models.
The contribution is consequently centered on
the integration and weighting of multi-scale
ReliefF information within a unified feature
selection procedure.

The remainder of this paper is organized
as follows. Section 2 reviews related work
on feature selection, including Relief-based
algorithms. Section 3 presents the proposed
MW-ReliefF method in detail. Section 4
reports experimental settings and results,
along with comparative evaluations against
baseline methods. Finally, Section 5
concludes the paper and outlines potential
directions for future research.
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2. Literature Review

Feature selection has drawn significant
research attention over the last years. In this
section, we briefly review existing
approaches and outline the main challenges
that our algorithm seeks to overcome.

The challenge of feature estimation has
received significant attention in previous
studies. Feature quality is commonly
evaluated through multiple assessment
measures (Sun, 2007). If the target variable
is categorical, common evaluation measures
include information gain, Gini index,
distance measures, J-measure, ReliefF,
minimum description length (MDL) as well
as ¥* and G statistics. For continuous target
variables, widely used evaluation measures
include correlation coefficient, mutual
information, mean squared error (MSE),
coefficient of determination (R?), and
statistical dependency measures such as
maximal information coefficient (MIC).
Many evaluation metrics rely on the
assumption of conditional independence of
features with respect to the target variable,
which makes them unsuitable for capturing
complex feature interactions. In contrast, the
Relief, ReliefF, and RReliefF algorithms
avoid this assumption and are capable of
accurately assessing feature quality even
under strong attribute  dependencies.
Therefore, Relief-based approaches remain
among the most effective preprocessing
techniques available.

ReliefF method has been a very important
and one of the most frequently used feature
selection models. In 1992, the algorithm was
firstly proposed by Kira and Rendell (Kira &
Rendell, 1992). Relief identifies relevant
features through a statistical approach.
Unlike heuristic-based methods, it maintains
accuracy even when features interact and
demonstrates robustness to noise. Moreover,
its computational cost grows linearly with
both the number of features and training
instances, independent of the complexity of
the target concept. Afterwards, Kira and
Rendell show its advantages in terms of
learning time and the accuracy of the learned
concept, suggesting Relief's practicality
(Kira & Rendell, 1992). Kononenko
analyzes and extends it to deal with noisy,

incomplete, and multi-class data sets
(Konononenko, 1994). Additionally, they
propose ReliefF which is an extension of
Relief (Kira & Rendell, 1992). Kohavi and
John Compares the wrapper method with
both inductions performed without feature

subset selection and with the Relief
algorithm (Kohavi & John, 1997).
There are some studies inspired by

ReliefF. For instance, Park and Kwon
introduces advanced Relief algorithms and
their application in instance-based filtering
for selecting document features (Park &
Kwon, 2007). McKinney et al. propose an
Evaporative Cooling (EC) feature selection
algorithm designed to identify a subset of
attributes  that achieve the optimal
information temperature (McKinney et al.,
2013). Sun et al. presents local-learning-
based feature selection for high-dimensional
data analysis which is called I-RELIEF (Sun
et al.,, 2019). Draper et al. introduce an
enhanced variant of ReliefF, Iterative Relief,
and demonstrates on synthetic datasets that it
eliminates the bias inherent in the method
(Draper et al., 2003). Similarly, Sun extends
I-RELIEF to handle multiclass problems
through the introduction of a novel
multiclass margin definition (Sun et al.,

2019).
The relief-based methods are still a
fundamental research  area  among

researchers in the last years. McKinney et al.
develops a gene wise adaptive k nearest
neighbor feature selection tool which is
called ReliefSeq (McKinney et al., 2013).
Eppstein and Haake propose a population-
based variant dubbed very large scale
ReliefF called VLSReliefF for genome-wide
association analysis (Eppstein & Haake,
2008). Le et al. redefine the Relief-based
feature selection algorithm to develop a new
class of Statistical Inference Relief (STIR)
estimators that preserve the capacity to
detect interactions while integrating the
sample variance of nearest neighbor
distances into the assessment of attribute
importance (Le et al., 2019). Greene et al.
introduce Spatially Uniform ReliefF (SURF)
for computationally-efficient filtering of
gene-gene interactions (Greene et al., 2009).
Stokes and Wisweswaran develop a spatially
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weighted variant of Relief, termed Sigmoid
Weighted ReliefF Star (SWRF*) (Stokes &
Visweswaran, 2012). Moore and White
present Tuning ReliefF (TURF) for genome-
wide genetic analysis (Moore & White,
2007). Mackenzie and Moore propose a new
heuristic, MultiSURF, capable of accurately
detecting such interactions while maintaining
linear time complexity with respect to the
number of genes (MacKenzie & Moore,
2013). Apart from research studies,
Urbanowicz et al. complete a literature

review study about Relief-based feature
selection methods in literature (Urbanowicz
et al., 2018). The recently proposed relief-
based feature selection models and their
application domains are given in Table 1.

Table 1. The recently proposed cross validation models in literature

Author Year Method Domain Data Perform_ance
Metrics
Transfer Learning and . Chickpea Seed
Kilig and Yalgin 2025 ReliefF Agriculture Data Accuracy
. 18 Standard
Zhang et al. 2022 RG-NBEO Various Datasets Accuracy
Process heat treatment
Zhang et al. 2023 ReliefF-SFA L furnace process Accuracy
Monitoring data
Uzun and Balli 2022 ReliefF Intrusion NSL-KDD Chi-Square
Detection
Zhang et al. 2022 RBEFF Various 28 Datasets Accuracy
. . Process Production Fault Detection
Liuetal. 2020 ReliefF-SFA Monitoring process data Rate
Karizaki and 2019 ReliefF-BDA Various 5 Datasets Accuracy
Tavassoli
Tennessee
Yinghua et al. 2019 ReliefF-PCA Fault Detectiom Eastman Process T-Square
Data
Peker et al. 2019 ReliefF+RF Medical Anesthesia Data Accuracy
Chen et al. 2011 ReliefF+FCBF Genetic DNA Data Accuracy
Xin etal. 2013 ReliefF-GA-Wrapper Image Ch'nengaZZ;aCters Accuracy
Kononenko et al. 1997 ReliefF+DT Various 4 Datasets Accuracy
Park and Kwon 2007 Extended ReliefF Web Document Reuters Dataset Precision
. . . . . Simulated .
McKinney et al. 2007 Evaporative Cooling ReliefF Genetic Genotypic Data Chi-Square
Sunetal. 2010 Iterative ReliefF Various 11 Datasets Classification
Error Rate
Draper et al. 2003 Iterative ReliefF Image Animal Image Recognition Rate
Dataset
Sun 2007 Iterative ReliefF Various M|crozgzy data ROC Curve
N 2013 MultiSURF Medical Human Disease Accuracy
Moore Data
Greene et al. 2009 SURF Medical HumaDnaItDE:sease Success Rate
Moore and White 2007 TURF Genetic DNA Data Accuracy
Epsstein and 2008 dical Ith ile Rank
Haake VLS-RELIEF Medical Health Data Percentile Ran
Leetal. 2019 STIR Genetic Gene ED>;th;e55|on T-Test
detection, or integration with optimization
2.1 Distinction of MW-ReliefF from techniques. Consequently, the neighborhood

Existing Relief-based Methods

Although numerous extensions of the
Relief family have been proposed over the
past three decades, most existing methods
focus on improving a single aspect of the

original algorithm, such as adaptive
neighborhood selection, statistical
significance estimation, interaction
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size used during feature weight estimation is
still determined by a single predefined
parameter or an adaptive mechanism that
ultimately produces one effective
neighborhood for each instance.

The proposed MW-ReliefF follows a
fundamentally different strategy. Instead of
relying on a single neighborhood size, the
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proposed algorithm simultaneously evaluates
multiple neighborhood configurations and
integrates their individual feature importance
estimates through an ensemble-based
weighted aggregation mechanism. This
allows MW-ReliefF to exploit
complementary information obtained from
both local and broader neighborhood
structures within the same feature evaluation
process. Consequently, the proposed method
becomes less sensitive to the selection of a
single k value while producing more stable
feature importance estimates.

Unlike previous weighted Relief variants,
where weighting is generally applied to
neighboring instances, feature distances, or
adaptive neighborhood construction, MW-
ReliefF introduces weighting at the decision
fusion level by assigning different
contributions to the feature importance
vectors generated from multiple ReliefF
executions.  Therefore, the  proposed
approach represents a neighborhood-level
ensemble strategy rather than a modification
of the original ReliefF distance computation.

Table 2. Comparison of MW-ReliefF with representative Relief-based algorithms

Multiple k Weighted . . Statistical Ensemble
Method values aggregation Adaptive neighborhood inference strategy
ReliefF X X X X X
ReliefSeq v (Adaptive k) X v X X
STIR X X X v X
SURF X X v X X
MultiSURF X X v X X
Iterative
Relief X X v X X
RBEFF X X Random subspaces X Partial
MW-ReliefF Multiple neighborhood
(Proposed) v v scales X v

Recent feature selection research has
increasingly explored methods beyond the

Relief  family, including information-
theoretic filters, mutual-information-based
approaches, optimization-driven  feature

selection, and embedded methods based on
regularized or tree-based learning models.
These approaches provide alternative
mechanisms for estimating feature relevance
and selecting informative subsets. However,
direct comparison with all such methods is
beyond the primary scope of the present
study. The objective of MW-ReliefF is
specifically  to  investigate  whether
combining multiple neighborhood scales
with a weighted aggregation mechanism can
improve Relief-based feature evaluation.
Accordingly, the experimental study focuses
on ReliefF and its established neighborhood-
based extensions, namely SURF, TURF, and
MultiSURF, which provide
methodologically relevant baselines for
isolating the contribution of the proposed
multi-k strategy. Nevertheless, comparisons
with a broader set of contemporary filter,
wrapper, and embedded feature selection
methods would provide an additional

perspective on the general competitiveness
of MW-ReliefF and are therefore identified
as an important direction for future
investigation.

3. Method

3.1 Notations

A dataset suitable for a classification task
is denoted by D. Each attribute of this
dataset is represented by f and n is the total
number of samples. d is the total number of
features. Each sample is denoted by x. The
selected features after applying the feature
selection algorithm are represented as /” and
n is the number of selected features where n
< d. Finally, F = {f1, f2, ..., fd } is the set of
selected features as a result of the feature
selection process.

Let a dataset for classification be denoted
by D = {x;<y;}-, where:
n: total number of samples (instances)
d: total number of original features

F = {fi, f2, ..., fa }: the complete set of
features
Xi = {xil‘ Xi2¢ ... ‘xid} € Rd: the i-th

sample described by d features
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y; € Y: class label of the i-th sample, where
y ={12¢..<«C} and C is the number of
classes

S F: the selected subset of relevant features.
n = | f’|: the number of selected features,
wheren <d.

0 (x;x;). distance
instances x;and x;.
NH(x;): the set of k nearest neighbors of
x;belonging to the same class (near-hit set).
NM,..(x;):: the set of knearest neighbors of
x;from class ¢ # y;(near-miss set).

W(f): importance (weight) assigned to
feature f.

k: the neighborhood size parameter in
ReliefF.

K = {kqky¢ ...<k,,}: the set of multiple
neighborhood sizes in MW-ReliefF.

wy. weight coefficient assigned to
neighborhood size k, either uniform (w; =
1/m) or inverse proportional (w; < 1/k).

function between

3.2 ReliefF Method

The fundamental concept behind the
original Relief algorithm is to assess the
relevance of attributes, those with weights
exceeding a defined threshold, by measuring
the differences in attribute values between a
given instance and its two nearest neighbors,
namely the Hit and the Miss. Based on the
degree of relevance between features and
class labels, distinct weights are assigned to
each feature, and those whose weights fall
below a specified threshold are eliminated.
In the Relief algorithm, two nearest
neighbors are identified for each randomly
selected instance: one from the same class,
referred to as the nearest Hit instance (H),
and another from a different class, referred to
as the nearest Miss instance (M). After
computing the final feature weights, the
features are ranked in descending order and
the top-n features are selected. The larger the
feature’s weight, the stronger its ability to
discriminate between classes. Conversely, a
smaller  weight indicates a weaker
contribution to classification performance.
For each randomly sampled instance x; € D ,
the algorithm finds:

72

NH(x;): k nearest neighbors from the same
class (near-hits).
NM,..(x;): k nearest neighbors from each of
the other classes ¢ € Y, ¢ #y; (near-misses).
The weight of feature f; € F updated as:
1)
W(f) « W) = o San ewmeen iff (¢ 30 0) +
T+ s S ettt A F (f i )
dif f(f;x; x,) measures the difference
between two instances on feature fj.
For continuous features,
@ | |
; _ Xij~Xhj
dlff(f)‘ Xi¢ Xh) - max(fj)— min(f ;)

P(c) is the prior probability of class c.
ReliefF repeats this process for m iterations
(usually m=n) and produces a ranking of
features based on their final weights. In
summary, the idea of this algorithm is that
the weight of a feature is determined by its
ability to discriminate the instances with
respect to their classes without using the
values of the other features. For this reason,
the values of the selected feature of k nearest
neighbors of a randomly chosen sample from
the same class should be close while the
values of the neighbors from different
classes should be highly different in order to
increase the weight of the selected feature.

Figure 3 demonstrates weight update
process of ReliefF method for a dataset
including two distinct classes. In this visual
representation. k value for nearest neighbor
selection is supposed to be 1. Weights of
each feature in the total feature set of any
experimented data (F1, F2, ... , Fn) are
initialized first and then updated with respect
to calculated near-hit and near-miss values
for each randomly selected instances. This
process is reiterated until all randomly
selected samples are analysed. Finally, all
features are ordered with respect to their
weight values and the first determined
number of features are selected and feature
selection task using ReliefF method is
completed.
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Figure 3. The sample flowchart of ReliefF method

3.3 The Proposed Approach: MW-
ReliefF Method

The classical ReliefF algorithm utilizes a
fixed number of nearest neighbors k to
estimate the relevance of each feature by
analyzing the differences between an
instance and its nearest hits and misses.
Although this approach effectively identifies
conditionally ~ dependent  features, its
performance is sensitive to the selection of
the k parameter. A small k may fail to
capture global patterns, while a large k may
dilute local relationships, leading to reduced
discriminative power. To overcome this
limitation, the Multi-k Weighted ReliefF
(MW-ReliefF) algorithm extends ReliefF by
integrating multiple k-values simultaneously
within a unified framework.

Let X = [x;xp¢...<xy] E RV*%be a
dataset with N instances and d features, and
Y = [y;y2¢ ...cyy]be  the corresponding
class labels. For each instance x;, the MW-
ReliefF algorithm considers a set of
neighborhood parameters K =
{ki,ky, ..., kp}. For each k; €K, the
algorithm identifies:

e The k; nearest hits, Hl.(k”, from the same
class as x; and

e The k; nearest misses, Mi("zj), from each
different class as x; and ¢ # y;
For a feature f, the difference function is

defined as:

(3)

dif f(fexiex;) =
|xi.r — xj¢|¢ if f is continuous
0« if fisdiscrete and x;.; = xj.s
1« if fisdiscrete and x;; # Xj.5
For each k in the set K, ReliefF computes
a local importance contribution for feature f
as:

4)
Am(k) = %Z?’:l [% thEHi(k) dif f(fexiexp) —

Sewy PO 2 T, oo diff(Fer)]

where p(c)is the prior probability of class
c. The MW-ReliefF algorithm aggregates
these multiple k-level contributions through
a weighted ensemble strategy:

()

m

(kj)

j=1

where wjrepresents the weight assigned to
the k; level. Two weighting schemes are
considered:

(6)
wj =
i (equal weighting, "same")

T (1/ke)

This ensemble design allows MW-ReliefF
to integrate both local and global
neighborhood information, thus balancing
sensitivity to small-scale and large-scale data
structures. After aggregating contributions
across all k-levels, features with weights

lower than a predefined threshold 6 are

¢ (inverse weighting, "inverse")
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eliminated, and the remaining top-d’ features
are selected:

(7)

S ={f|w;>6}Is| = d,
Algorithmically, MW-ReliefF can be
described in the following steps:

1. Initialization: Define K =
{ki<kye...<k,}and select the weighting
scheme w;.

2. Neighborhood Search: For each instance
x;, find hit and miss sets for each k; € K.

3. Feature Scoring: Compute AWf(k")for

each feature f and each k;.

4. Aggregation:  Combine  contributions
using the ensemble weighting function.

5. Feature Selection: Rank features by
Wrand retain the top-n features.

In summary, MW-ReliefF not only
generalizes the traditional ReliefF by
considering multiple neighborhood

granularities concurrently, but also enhances
robustness by integrating adaptive weighting
strategies. This enables the algorithm to
capture a richer spectrum of feature
relevance across varying data complexities,
leading to superior classification
performance as demonstrated in the
experimental results. Figure 3 shows the
flow chart of this algorithm with 3 different
k values which are 1,2, and 3. The method
takes a list of k values as input with different
numbers. These values do not have to be
sequential. For example, a sample input for
this parameter could be k-list = {3,7,11,19}.
The ensemble weighting function could
consider either proportional or inversely
proportional approach with respect to k
values since the effect of the calculation with
smaller number of neighbors is supposed to
be higher.

In certain cases, it may be more desirable
for the effects of feature selection derived
from smaller k values to have a stronger
influence than those obtained from larger
kvalues. This rationale arises from the
intuition that the nearest neighbors with
smaller kcapture the most local and fine-
grained relationships between instances,
providing more discriminative information
about subtle class boundaries. Conversely,
larger k values tend to introduce a broader
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neighborhood that can dilute the sensitivity
of the feature evaluation by incorporating
less similar or even noisy instances.
Therefore, assigning higher weights to
smaller kvalues within the inverse
weighting mechanism allows the algorithm
to emphasize highly relevant, instance-
specific dependencies while still preserving
the stability contribution of larger
neighborhoods.

The contribution of each neighborhood
size is controlled by a weighting coefficient
that determines how strongly its feature
relevance estimate contributes to the final
MW-ReliefF score. Two weighting strategies
are considered in the proposed framework. In
the same-weight setting, all neighborhood
sizes receive an equal contribution. In the
inverse-weight setting, the contribution
assigned to a neighborhood is inversely
related to its neighborhood size, such that
smaller k values receive larger weights than
larger k values. More specifically, for a
neighborhood size k;, the inverse weighting
coefficient is defined as

(8)

1
ki

a; = w1
J=1F;

Where m denotes the number of
neighborhood sizes in the selected k-list. The
normalized coefficients satisfy >/, a; = 1.
The final feature score is then obtained by
aggregating the relevance contributions

obtained at the different neighborhood sizes:

©)

W= Y a Aw*
; Z A
where Am(ki) represents the feature-

weight contribution estimated at
neighborhood size k;. Thus, the weighting
mechanism allows MW-ReliefF to control
the relative contribution of different
neighborhood scales while preserving
information from all evaluated neighborhood
sizes.
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Figure 4. The sample flowchart of MW-ReliefF method for k values 1,2, and 3

Algorithm 1 summarizes the overall
procedure of the proposed Multi-k Weighted
ReliefF (MW-ReliefF) feature selection
method. The algorithm begins by initializing
the feature weights and normalizing the
dataset to ensure comparability across
continuous and discrete attributes. Next, it
determines the weighting coefficients
corresponding to each selected number of
neighbors  k; according to the chosen
weighting scheme (“same” or “inverse”). For
every instance in the dataset, the algorithm
identifies its nearest hit and miss neighbors
for each kjvalue, computes the average
attribute differences, and updates the feature
weights by aggregating the near-hit and near-
miss contributions across all neighborhood
sizes. This process enables MW-ReliefF to
capture both local and global relevance
patterns by integrating multiple
neighborhood scales. Finally, the
accumulated weights are normalized and

ranked, and the top-weighted features are
selected to form the optimal subset T.
Overall, Algorithm 1 illustrates how MW-
ReliefF extends the classical ReliefF by
incorporating a multi-k ensemble mechanism
and adaptive weighting to achieve more
robust and discriminative feature evaluation.
Algorithm 1: The Multi-k Weighted ReliefF
(MW-ReliefF) for Feature Selection

Input:

The training dataset D = (X,C) where X €
R™*4 contains n samples and d features, and
C € R"is,

the class label vector,

the set of neighbor sizes K =
{kikye ...k},

the weighting strategy Wiype €
{‘same’<‘inverse’},

the number of selected features d'.

Output:

The subset of selected features T.
Initialization
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1. Initialize the feature weight vector W =
[0<0¢...<0]1xq N
2. Compute the prior probability of each

class P(¢) = I{y"n—zdlfor allc eC

3. Normalize continuous features in X using
min-max scaling; for discrete features,
encode categorical values.

Determine weighting coefficients

4. If Wiype = “same’

Set w; = i forall j = {12¢...¢m}
Else if W, = “inverse”:
Compute w; = Mk
7 ER (ke

{1:2¢...¢m}

End if.

Iterative weight update for each instance

5. For each instance x; € X

6. Foreachk; €K

7. Find k; nearest Hit neighbors
Hyj(x;) (same class as x;)

8. For each other classc¢ ¢ C; Find

k; nearest Miss neighbors M,Ej.) (x)).

9. For each feature f; where t =
{1:2¢...cd}

10.  Compute the average difference to
hits:

Apit (ft) =

for all j=

T -~ ~| |xi‘t - xh&tl

| Hyej (x| he e

11.  Compute the average difference to
misses:

Amiss(ft) P( ) 1
C
1- P(CL) X |M]5§)(Xl)| . z |xi.t

€ M,((? (xi)

c#*C;

- xm,t|
12. Update the feature weight increment

for the current k;:
AWy (fe) = =Brie (fe) + Bniss (f)-
13.  Accumulate the contribution
according to weighting strategy:
W(fe) = W) + a; X AW, (f).

14. End for
15. End for
16. End for

/ Feature ranking and selection /

17. Normalize all weights W (f;)into the
range [0,1].

18. Rank all features in descending order
of W(fo).
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19. Select the top d' features with the
highest weights to form the subset T.

20. Return T.

The proposed MW-ReliefF algorithm is
not restricted to a specific set of
neighborhood sizes. Instead, it is designed as
a general ensemble framework capable of
integrating feature importance estimates
obtained from any predefined collection of
neighborhood values. The neighborhood set
used in this study was selected to cover both
local and relatively broader neighborhood

structures  while  avoiding  excessive
redundancy between consecutive
neighborhood sizes. Consequently,

progressively increasing odd neighborhood
values were adopted to provide diverse
neighborhood representations throughout the
feature evaluation process.

MW-ReliefF does not require the
selection of a single optimal neighborhood
size prior to feature evaluation. Instead, the
method uses a predefined -list to obtain
feature relevance estimates at multiple
neighborhood scales. In the present study,
progressively increasing odd neighborhood
sizes were employed to provide sufficiently
distinct local representations while limiting
redundancy between consecutive
neighborhood sizes. The selection of the
neighborhood set was further examined
through a sensitivity analysis in which
different -list configurations were evaluated.
The  resulting average classification
accuracies are reported in Table 3. This
analysis was performed to determine
whether the effectiveness of MW-ReliefF
depends  strongly on a  particular
neighborhood configuration. The results
indicate that the proposed aggregation
framework remains effective across the
evaluated -list configurations, suggesting
that the method is not excessively sensitive
to the precise choice of neighborhood sizes.

It should be emphasized that the
effectiveness of MW-ReliefF does not
depend on a particular combination of
neighborhood sizes. Rather, its performance
originates from the ensemble aggregation of
multiple neighborhood scales, which reduces
the sensitivity associated with selecting a
single neighborhood parameter in
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conventional ReliefF. Table 3 shows the
obtained average accuracy with respect to
different k-list combinations when MW-
ReliefF method was applied to all of the
experimented datasets. For example, when k-
list is selected as [1-5], the selected k values
become 1,2,3,4, and 5.

Table 3. Parameter Sensitivity Analysis

k-list | Average Accuracy
[1-5] 0.7648
[1-10] 0.7762
[1-20] 0.8033
[1-30] 0.7946
[1-40] 0.8183
[1-50] 0.8097

The proposed MW-ReliefF exhibited
relatively stable performance across different
neighborhood  configurations.  Although
slight variations were observed, the overall
classification accuracy remained consistent,
demonstrating that the proposed ensemble
mechanism is not highly sensitive to the
exact choice of neighborhood sizes. This
indicates that the improvement achieved by
MW-Relief  mainly  originates  from
integrating multiple neighborhood scales
rather than relying on a specific
neighborhood configuration.

The use of multiple neighborhood sizes is
motivated by the scale-dependent nature of
local feature relevance. In ReliefF, the
contribution of a feature is estimated from
differences between an instance and its
nearest hit and miss neighbors. Therefore,
the selected value of determines the local
scale at which feature relevance is evaluated.
A small emphasizes highly local
relationships and can provide a more
sensitive representation of fine-grained class
structure, whereas larger values incorporate a
broader portion of the feature space and can
capture more global relevance patterns.
Consequently, relying on a single
neighborhood size may make the resulting
feature ranking dependent on a particular
local scale. MW-ReliefF addresses this scale
dependency by obtaining feature relevance
estimates at multiple neighborhood sizes and
aggregating these estimates into a unified
feature score. From this perspective, the
different values can be regarded as
complementary views of the same feature
space rather than independent feature

selection procedures. The aggregation
therefore  provides a mechanism for
integrating relevance information across

local scales and reducing the sensitivity of
feature ranking to the choice of a single
neighborhood parameter.

3.4 Computational Complexity Analysis

In this study, experiments were performed
on twenty benchmark datasets containing
varying numbers of features to evaluate the
proposed method against several existing
feature selection techniques.

The computational complexity of MW-
ReliefF is primarily determined by the
repeated execution of the ReliefF algorithm
over multiple neighborhood sizes. Let
ndenote the number of instances, dthe
number of features, and mthe number of
different neighborhood sizes contained in the
predefined k-list.

For a single neighborhood size, ReliefF
computes the distances between instances,
identifies the nearest hit and nearest miss
neighbors, and updates the feature weights
accordingly. Assuming a straightforward
implementation based on exhaustive distance
computation, the time complexity of one
ReliefF execution is approximately
(10)

0(n%d)

where the pairwise distance computation
dominates the overall execution time.

Unlike  the  conventional  ReliefF
algorithm, MW-ReliefF repeats the feature
weighting process independently for each
neighborhood size in the predefined set
(11)

K ={kyky ..rkp}

Consequently, the overall computational
complexity becomes
(12)

0(mn?d)

where mdenotes the number of
neighborhood sizes evaluated during the
ensemble process. Since the weighted
aggregation of the resulting feature
importance vectors requires only a linear
traversal of all features,

(13)
o(md)
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its computational cost is negligible
compared with the repeated nearest-neighbor
search.

Similarly, the memory complexity
remains largely unchanged from that of
ReliefF. Besides storing the original dataset
requiring
(14)

0(nd)

MW-ReliefF maintains an additional
weight vector for each neighborhood size.
Therefore, the total memory requirement
becomes
(15)

0(nd + md)

Because the number of evaluated
neighborhood sizes is typically much smaller
than both the number of samples and
features (m«K nm « d), the additional
memory overhead introduced by MW-
ReliefF is relatively small.

Although MW-ReliefF requires
approximately mtimes more feature-weight
estimation operations than the original
ReliefF  algorithm, this additional
computation enables the algorithm to exploit
complementary neighborhood information
obtained from  multiple scales. As
demonstrated by the experimental results, the
resulting improvement in feature selection
robustness and classification performance
compensates for the moderate increase in
computational cost.

4. Findings

In this study, experiments were performed
on twenty benchmark datasets containing
varying numbers of features to evaluate the
proposed method against several existing
feature selection techniques.

4.1 Datasets

Twenty datasets obtained from the UCI
Machine Learning Repository were utilized
to validate the effectiveness of the proposed
method. These datasets were chosen from
diverse domains and exhibit varying
numbers of features, instances, and classes.
A detailed summary of their characteristics,
including the number of features, samples,
and class labels, is provided in Table 2.

4.2 Baseline and Comparative Feature
Selection Methods

We compared Multi-k Weighted ReliefF
(MW-ReliefF) algorithm against the baseline
model that uses all available features, as well
as several widely adopted Relief-based
feature selection methods to evaluate its
performance. All Relief-based algorithms
were implemented using the scikit-rebate
(skrebate) library in Python to ensure
consistency and fairness in comparison.

Table 2. List of datasets

Number Number Number
Dataset of of of Domain
features samples Classes
Automobile 25 205 7 Vehicle
Breast Cancer 9 286 2 Health
Breast Cancer V\_llsconsm 33 198 2 Health
(Prognostic)
Car Evaluation 6 1728 4 Vehicle
Chess (King-Rook vs. King- 35 3196 2 Entertainment
Pawn)
Cylinder Bands 39 512 2 Material
Dermatology 34 366 6 Health
Glass Identification 9 214 7 Material
Hayes-Roth 4 160 3 Social Science
Horse Colic 27 368 2 Health
lonosphere 34 351 2 Radar
Lung Cancer 56 32 3 Health
Page Blocks Classification 10 5473 5 Dozument
Post-Operative Patient 8 90 3 Health
SPECT Heart 22 267 2 Health
SPECTF Heart 44 267 2 Health
Tic-Tac-Toe Endgame 9 958 2 Entertainment
Congressional Voting Records 16 435 2 Voting
Statlog (German Credit Data) 20 1000 2 Finance
Statlog (Landsat Satellite) 32 6435 7 Environment
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The details of the compared methods are
summarized below:

+ Baseline: In the baseline approach,
all available features are used for training
without any feature selection. This serves as
a reference point to assess the impact of the
feature selection algorithms.

* ReliefF (Kononenko, 1994): ReliefF
is an extension of the original Relief
algorithm designed to handle multi-class
datasets. It estimates feature importance by
considering the average difference between
instances and their nearest neighbors of the
same and different classes.

 SURF (Spatially Uniform Relief)
[33]: The SURF algorithm improves upon
ReliefF by eliminating the fixed parameter k
for nearest neighbors. Instead, it uses all
instances within a dynamically defined
distance threshold to compute near-hit and
near-miss scores, enhancing robustness
against noisy data.

* TuRF (Tuned ReliefF) [34]: TuRF
iteratively applies the ReliefF algorithm
while progressively removing features with
the lowest weights at each iteration. This
iterative  refinement helps to reduce
redundancy and improve the accuracy of
selected features.

*  MultiSURF [35]: MultiSURF further
enhances SURF by introducing a more
sophisticated distance threshold that adapts
to the overall distribution of samples. It
better detects complex feature interactions
and dependencies in high-dimensional data.

These methods collectively represent
state-of-the-art Relief-based feature selection
techniques, allowing for a comprehensive
comparison of the proposed MW-ReliefF
algorithm in terms of its ability to identify
informative and non-redundant features
across multiple benchmark datasets.

4.3 Performance Metrics

In this study, the performance evaluation
of all feature selection methods was
conducted under a unified classification
framework to ensure fairness and
comparability. After applying each feature
selection technique, the reduced feature sets
were used to train a Ridge Classifier, which
was selected for its robustness against

multicollinearity and its ability to generalize
effectively on high-dimensional datasets.

The classification results were assessed
using three widely adopted quantitative
measures: Accuracy, Precision, and Recall.
Accuracy represents the overall correctness
of the classifier, Precision measures the
proportion of correctly predicted positive
instances among all predicted positives, and
Recall evaluates the ability of the model to
identify all relevant positive instances.

By comparing these metrics across all
evaluated feature selection approaches, the
effectiveness and stability of the proposed
Multi-k  Weighted ReliefF (MW-ReliefF)
method were systematically examined
against the baseline and competing

algorithms.
Table 3. Summary of experimental settings

Parameter Value

Weight Type Inverse

Number of Features to Select Ranging from 2 to 30

K for ReliefF 5

k-list for MW-ReliefF [1-40]

Distance Metric Euclidean

Table 3 give explanation about the used
parameters in the experimental setup. Each
parameter is mapped to its exact value or the
range of values implemented in the
experiments for the datasets included in the
given dataset list. In our implementations,
weight type of MW-ReliefF method is
selected as inverse so that the effects of
feature selection iteration is inversely
proportional to its k value input. The number
of features to be selected among the whole
features set vary in terms of dataset size. The
smallest number of selected features is 2 and
the highest one is 30 in our experiments
using the 20 datasets. Another important
input parameter is k value for ReliefF model
and it is set to 5 for all experiments when
applying this algorithm and its traditional
derivatives (Surf, Multi-Surf, and Turf).

The experimental parameters were
selected based on widely adopted practices
in the ReliefF literature and to ensure a fair
comparison among the evaluated methods.
For the conventional ReliefF algorithm and
its variants, the neighborhood parameter was
fixed at k = 5, which is one of the most
commonly adopted default settings in
previous ReliefF-based studies. Using a
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fixed neighborhood size also provides a
consistent baseline for evaluating the
proposed MW-ReliefF algorithm. The
inverse weighting strategy was selected to
emphasize the contributions of smaller
neighborhood sizes, since closer neighbors
generally provide more discriminative local
information than distant neighbors. Finally,
the number of selected features was adjusted
according to the dimensionality of each
dataset, ranging from 2 to 30 features, in
order to avoid selecting an excessively small
or unnecessarily large subset for datasets
with substantially different numbers of
attributes.

The classifier used in the experiment is
Ridge classifier. This classifier initially maps
binary targets to the set {-1, 1} and
formulates the task as a regression problem,
optimizing the same objective function as
previously described. The final class
prediction is determined by the sign of the
regressor’s output. In the case of multiclass
classification, the task is framed as a multi-
output regression problem, and the class
associated with the highest output value is
selected as the prediction.

Although employing a (penalized) Least
Squares loss for classification may appear
unconventional compared to the commonly
used logistic or hinge losses, in practice,
their performance is often comparable.
Models based on penalized least squares can
achieve similar cross-validation results in
terms of accuracy, precision, and recall,
while also benefiting from access to
alternative numerical solvers that provide

different
characteristics.
4.4 Experimental Results
The feature selection performance of the
proposed MW:-ReliefF method and its
comparison with other algorithms are

computational efficiency

presented in this section. Table 4
summarizes the average classification
accuracies obtained using the Ridge
Classifier after applying each feature

selection technique. As illustrated in Table 4,
Table 5, Table 6, and Table 7, MW-ReliefF
achieves superior classification accuracy
compared to the other evaluated methods
across the majority of datasets.

Table 4 presents the classification
accuracies obtained using different feature
selection methods across 20 benchmark
datasets. The results clearly demonstrate that
the proposed Multi-k Weighted Relief (MW-

ReliefF)  algorithm  achieved  superior
performance than the traditional ReliefF
method and its established variants,

including SURF, TURF, and MultiSURF,
across most datasets.

Table 4. Classification accuracy results with base classifier as Ridge

# of
Dataset Selected | 23 | Relieff | MW-ReliefF surf Turf Multisurf
F (Ridge)
eatures
Automobile 5 0.7142 0.7619 0.8095 0.666667 0.52381 0.66
Breast Cancer 5 0.5517 0.5862 0.6551 0.551724 0.517241 0.5862
Breast Cancer
Wisconsin 5 0.8 0.85 0.9 0.9 0.9 0.75
(Prognostic)
Car Evaluation 3 0.6358 0.6531 0.6647 0.6531 0.6531 0.6473
Chess (King-Rook 5 09281 | 09375 0.9343 0.9343 0.9343 0.9187
vs. King-Pawn)
Cylinder Bands 5 0.8 0.8181 0.8363 0.6363 0.6727 0.7818
Dermatology 5 0.9729 0.8918 1 0.8648 0.8648 0.8378
Glass Identification 5 0.6818 0.7272 0.7272 0.8378 0.5454 0.5454
Hayes-Roth 2 0.3125 0.375 0.4375 0.375 0.375 0.375
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Horse Colic 5 08378 | 0.8108 0.8648 0.8378 0.8378 0.8378
lonosphere 5 0.8055 | 0.7777 0.8333 0.8611 0.7222 0.8055
Lung Cancer 5 09729 | 0.8918 1 0.25 05 075
Page Blocks 5 0.9434 | 0.9416 0.9489 0.9324 0.9324 0.9105
Classification
Post-Operative 4 07777 | 0.8888 0.8888 0.8888 0.8888 0.8888
Patient
SPECT Heart 5 07037 | 07777 0.8148 0.8148 0.6666 0.8148
SPECTF Heart 5 07407 | 0.7777 0.8148 0.8148 0.8148 0.8148
Tic-Tac-Toe 7 0.6354 0.625 0.6458 0.5937 0.625 0.5937
Endgame
Congressional
Voting Records 10 09772 | 0.9545 1 1 1 0.9545
Statlog (German
Credit Dat) 5 0.77 0.81 0.83 077 077 077
Statlog (Landsat 30 07577 | 0.7562 0.7608 0.7531 0.7546 0.5326
Satellite)
Average ; 07659 | 0.7806 0.8183 0.7468 0.7249 0.7387

Table 5. Classification accuracy

results with base classifier as Suppor

t Vector Machine

# of

Dataset Selected Base ReliefF MW-ReliefF Surf Turf Multisurf
F (SVM)
eatures
Automobile 5 0.5714 0.7142 0.8095 0.8571 0.7619 0.7619
Breast Cancer 5 0.5517 0.6206 0.6551 0.5862 0. 6206 0.6206
Breast Cancer
Wisconsin 5 0.8 0.8 0.8 0.8 0.8 0.8
(Prognostic)
Car Evaluation 3 0.9479 0.7803 0. 8150 0. 8150 0. 7803 0.8150
Chess (King-Rook
vs. King-Pawn) 5 0.9343 0.9281 0.9343 0.9375 0.9062 0. 9375
Cylinder Bands 5 0.5272 0.7272 0.8545 0. 7090 0.6727 0.7090
Dermatology 5 1 0.8918 1 0. 9189 0.8378 0.8378
Glass Identification 5 0.4090 0. 4090 0. 4090 0. 3636 0. 4090 0. 3636
Hayes-Roth 2 0.625 05 0.5 0.3125 05 0.3125
Horse Colic 5 0.5675 0.8108 0.8108 0.8108 0.5945 0.8108
lonosphere 5 0.5833 0.6944 0.7222 0.6666 0.7222 0.7222
Lung Cancer 5 0.5 0.75 1 0.25 0.75 0.5
Page Blocks TS
Classification 5 0.9105 , 0.9489 0.9105 0. 9105 0.9105
Post-Operative 4 0.8888 | 0.8888 0.8888 0.8888 0.8888 0.8888
Patient
SPECT Heart 5 0.7037 0.8148 0.8148 0.8148 0.6296 0. 6296
SPECTF Heart 5 0.8148 0.8148 0.8148 0.8148 0.8148 0.8148
Tic-Tac-Toe 7 08229 | 07604 0.7916 0.7916 0.7604 | 0.7604
Endgame
Congressional
Voting Records 10 0.9545 0.9545 0.9772 0.9772 0. 9545 0.9772
Statlog (German
Credit Data) 5 0.71 0.76 0.8 0.75 0.76 0.75
Statlog (Landsat
Satellite) 30 0.2810 0.3105 0.3312 0.2872 0.2919 0.3105
Average - 0.7051 0.7420 0.7838 0.7131 0.7182 0.7089

Table 6. Classification accuracy results with base classifier as K Nearest Neighborhood

# of
Dataset Selected | 22 | Reliefr | Mw-ReliefF surf Turf Multisurf
F (KNN)
eatures

Automobile 5 0.8095 0.7619 0.8571 0. 8095 0.8571 0.7619
Breast Cancer 5 0.5517 0.6206 0.6551 0. 6206 0. 6551 0.6206
Breast Cancer

Wisconsin 5 0.8 0.8 0.85 0.75 0.9 0.8

(Prognostic)
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Car Evaluation 3 0.8728 0.7803 0.9017 0. 7456 0. 7803 0.8150
Chess (King-Raok 5 09531 | 0.8906 0.9187 09375 0.9093 | 0.9375
vs. King-Pawn)
Cylinder Bands 5 0.7454 0.7272 0.8363 0. 6363 0. 7090 0.7090
Dermatology 5 0.9189 0.8918 1 0. 7837 0. 8648 0.8378
Glass Identification 5 0.8636 0. 6816 0. 9090 0.7727 0. 8636 0. 3636
Hayes-Roth 2 0.5625 0. 5625 0. 6875 0. 3125 0. 5625 0. 3125
Horse Colic 5 0. 6486 0.8108 0. 8108 0. 8108 0. 8108 0. 8108
lonosphere 5 0. 8055 0.7777 0.8611 0. 8333 0.75 0.7222
Lung Cancer 5 0.5 0.5 0.75 0.5 0.75 0.5
Page Blocks
Classification 5 0. 9726 0.9177 0.9762 0.9671 0. 9762 0.9105
Post-Operative 4 0.7777 | 0.5855 0.8888 0.8888 0. 5555 0.8888
Patient
SPECT Heart 5 0. 6666 0.6296 0.8148 0. 5925 0. 7037 0. 6296
SPECTF Heart 5 0. 7037 0.8148 0.8518 0.8518 0. 7777 0.8148
Tic-Tac-Toe
Endgame 7 0. 8229 0.7604 0.875 0.7812 0.75 0.7604
Congressional 10 0.9318 | 09545 1 09772 0. 9545 0.9772
Voting Records
Statlog (German
Credit Data) 5 0. 64 0.64 0.78 0.73 0.74 0.75
Statlog (Landsat
Satellite) 30 0.9021 0.8928 0.9037 0. 8959 0.9021 0.3105
Average - 0.7724 0.7485 0.8563 0.7598 0.7886 0.7116
Table 7. Classification accuracy results with base classifier as Random Forest
# of
Dataset Selected (Bé‘ls:‘; ReliefF | MW-ReliefF surf Turf Multisurf
Features
Automobile 5 0.8571 0.7619 0. 9047 0.8571 0. 8095 0. 8095
Breast Cancer 5 0. 6896 0.6206 0.7241 0. 6206 0. 6206 0.6551
Breast Cancer
Wisconsin 5 0.85 0.8 0.9 0.85 0.85 0.85
(Prognostic)
Car Evaluation 3 0. 9537 0.7514 0. 9306 0. 8381 0.7514 0. 8381
Chess (King-Rook
vs. King-Pawn) 5 0.9718 0.9281 0.9281 0.9375 0. 9093 0. 9375
Cylinder Bands 5 0.8727 0.7272 0.9090 0. 6727 0.7272 0.7818
Dermatology 5 \ 0.8648 1 0. 7567 0. 8378 0.8378
Glass Identification 5 0. 9545 0. 8636 0. 9090 0. 8181 0. 8181 0.7727
Hayes-Roth 2 0. 5625 0. 4375 0. 5625 0. 3125 0.5 0. 3125
Horse Colic 5 0.8378 0.8378 0. 8648 0.8378 0.8108 0.8108
lonosphere 5 0. 9166 0.8888 0. 9444 0. 8611 0.8055 0. 9166
Lung Cancer 5 0.75 0.75 \ 0.25 0.5 0.25
Page Blocks
Classification 5 0. 9762 0. 9762 0.9799 0. 9762 0. 9762 0.9781
Post-Operative 4 0.6666 | 0.4444 0.8888 0.6666 0. 6666 0.5555
Patient
SPECT Heart 5 0. 7407 0.6296 0.7037 0. 5925 0. 6296 0. 6296
SPECTF Heart 5 0.8148 0.7777 0. 8888 0.8148 0.7777 0. 7777
Tic-Tac-Toe
Endgame 7 0. 9583 0.8229 0.9270 0. 8437 0.75 0. 8437
Congressional 10 0.9772 | 0.9090 1 09772 0. 9090 0.9545
Voting Records
Statlog (German
Credit Data) 5 0.8 0.79 0.83 0.72 0.76 0.71
Statlog (Landsat
Satellite) 30 0.9177 0.9130 0.9239 0.9177 0.9145 0.9114
Average - 0.8533 0.7747 0.8859 0.7560 0.7661 0.7566
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Table 5 presents the classification
accuracy results obtained using Support
Vector Machine (SVM) as the base
classifier. The results indicate that the
proposed MW-ReliefF method maintains its
effectiveness when the underlying classifier
is changed from Ridge Classifier to SVM.
MW-ReliefF achieves the highest average
accuracy among all evaluated feature
selection approaches, with an accuracy of
0.7838, compared with 0.7051 for the SVM
baseline, 0.7420 for ReliefF, 0.7131 for
SURF, 0.7182 for TuRF, and 0.7089 for
MultiSURF. MW-ReliefF obtains the best
accuracy on several datasets, including
Breast Cancer, Cylinder Bands, lonosphere,
Lung Cancer, Page Blocks Classification,
Congressional Voting Records, Statlog
(German Credit Data), and Statlog (Landsat
Satellite). Particularly notable improvements
are observed for Cylinder Bands, where the
accuracy increases from 0.5272 for the
baseline to 0.8545 with MW-ReliefF, and for
Lung Cancer, where MW-ReliefF reaches an
accuracy of 1.00 compared with 0.50 for the
baseline. More importantly, the improvement
in the mean accuracy demonstrates that
aggregating feature relevance information
across multiple neighborhood sizes can
remain beneficial when the selected feature
subset is subsequently evaluated by an SVM
classifier.

Table 6 reports the results obtained when
K-Nearest Neighbors (KNN) is employed as
the base classifier. The results provide
further evidence that the performance of
MW-ReliefF is not dependent on the Ridge
Classifier used in the initial experiments.
MW-ReliefF achieves the highest mean
classification accuracy  of  0.8563,
substantially exceeding the KNN baseline
(0.7724) and the other feature selection
methods, including ReliefF (0.7485), SURF
(0.7598), TuRF (0.7886), and MultiSURF
(0.7116). MW-ReliefF obtains the highest
accuracy on 18 of the 20 datasets, while
TuRF achieves the highest result on Breast
Cancer Wisconsin (Prognostic) and the
baseline  KNN performs best on Chess
(King-Rook s, King-Pawn).  This
distribution of the best-performing results
provides a particularly strong indication of

the consistency of MW-ReliefF under a
distance-based classifier.

The improvements are also substantial on
several individual datasets. For example,
MW-ReliefF increases the accuracy on Glass
Identification from 0.8636 for the baseline to
0.9090, on Hayes-Roth from 0.5625 to
0.6875, on SPECT Heart from 0.6666 to
0.8148, and on Tic-Tac-Toe Endgame from
0.8229 to 0.8750. On Congressional Voting
Records, MW-ReliefF reaches perfect
accuracy (1.00), compared with 0.9318 for
the baseline and 0.9545 for ReliefF. The
improvement in average accuracy, together
with its strong performance across datasets
with different characteristics, indicates that
the proposed multi-neighborhood weighting
strategy can provide informative reduced
feature representations for KNN
classification. Nevertheless, the results also
show that feature selection does not
universally improve every dataset, as
demonstrated by the Chess dataset, where
the baseline remains superior. This
observation supports a more cautious
interpretation that MW-ReliefF generally
provides a favorable feature subset rather
than guaranteeing improvement for every
individual dataset.

Table 7 presents the results obtained using
Random Forest (RF) as the base classifier.
The RF experiments further demonstrate the
robustness of the proposed method across
different learning paradigms. The RF results
also reveal an important distinction between
the proposed method and the competing
approaches. While RF itself is already a
strong classifier and therefore produces high
baseline accuracies on several datasets, MW-
ReliefF is still able to provide additional
gains on many of these datasets. For
example, the accuracy increases from 0.8571
to 0.9047 on Automobile, from 0.8727 to
0.9090 on Cylinder Bands, from 0.9166 to
0.9444 on lonosphere, and from 0.9177 to
0.9239 on Statlog (Landsat Satellite). On the
other hand, the baseline remains superior for
Car Evaluation, Chess, and SPECT Heart,
illustrating that the effect of feature selection
can depend on the interaction between the
selected feature subset and the classifier.
Overall, the highest mean accuracy among

83



Knowledge Processing Studies. 2026, 18, 6(1): 65-89.

all methods and the preservation of strong
performance with RF provide additional
empirical support for the classifier-
independent usefulness of MW-ReliefF.
Taken together with the SVM and KNN
experiments, these findings indicate that the
proposed method can produce competitive
feature subsets across linear, distance-based,
and ensemble-based classification settings.

Compared to the baseline (using all
features without feature selection), MW-
ReliefF achieves a notable increase in
predictive accuracy while utilizing a
significantly reduced subset of features. This
improvement indicates that MW-ReliefF
effectively identifies and preserves the most
informative  attributes, reducing  data
dimensionality without compromising and
often enhancing classification performance.
For example, in datasets such as
Dermatology, Congressional Voting
Records, and Lung Cancer, the MW-ReliefF
method achieves a perfect or near-perfect
classification accuracy (1.0 or close),
surpassing all other competing algorithms.
Similarly, in Automobile, Cylinder Bands,
and SPECT Heart datasets, the proposed
approach vyields substantial performance
gains over both ReliefF and SURF-based
models.

The superior performance of MW-ReliefF
can be attributed to its multi-scale neighbor

exploration mechanism, which integrates
information  from  multiple  k-values
simultaneously. Unlike ReliefF, which

operates under a fixed neighborhood size,
MW-ReliefF  adaptively balances the
influence of local and global structures
within the data. This enables the algorithm to
better capture both fine-grained feature
dependencies and broader class separability
patterns. Furthermore, the inverse weighting
mechanism ensures that closer neighbors
(smaller k-values) have a stronger influence
on feature importance estimation, enhancing
robustness in datasets with overlapping or
imbalanced classes.

In contrast, conventional algorithms such
as SURF and TURF rely on static distance
thresholds or  uniform  neighborhood
weighting, which may overlook subtle but
significant inter-feature relationships. While
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MultiSURF improves upon SURF by
extending the neighborhood definition, it
often exhibits instability in high-dimensional
or noisy datasets, leading to fluctuating
accuracy levels, as observed in Glass
Identification and Statlog (Landsat Satellite)
datasets. MW-ReliefF, by incorporating
weighted multi-scale analysis, mitigates
these issues and yields more stable and
generalizable feature rankings across diverse
domains.

The superior performance of MW-ReliefF
can be attributed to its neighborhood-level
ensemble mechanism. Existing Relief
variants  generally  estimate  feature
importance using a single neighborhood
configuration, making their performance
dependent on the selection of an appropriate
k value. In contrast, MW-ReliefF aggregates
feature importance information obtained
from multiple neighborhood scales. This
design  reduces the  sensitivity to
neighborhood selection and enables the
algorithm to capture both local and relatively
global feature interactions simultaneously.
As demonstrated by the experimental results
across twenty benchmark datasets, this
strategy improves the robustness of feature
ranking without modifying the fundamental
ReliefF framework.

Overall, the experimental outcomes
confirm that MW-ReliefF achieves the
highest average accuracy across the 20
benchmark datasets, demonstrating its
effectiveness as a robust, adaptive, and
scalable feature selection framework. The
method’s ability to integrate local and global
neighbor information through  multi-k
weighting not only enhances classification
accuracy but also contributes to better
feature interpretability and model efficiency,
establishing MW-ReliefF as a strong
candidate for real-world high-dimensional
data applications.

The observed performance improvement
of MW-ReliefF can be explained by the way
feature relevance is estimated across
different neighborhood scales. In
conventional ReliefF, the relevance score of
a feature is determined using a single
predefined value of k, which makes the
resulting feature ranking dependent on one
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particular neighborhood configuration. A
small k emphasizes highly local relationships
and can better preserve fine-grained class-
boundary information, whereas a larger k
incorporates a broader set of neighboring
instances and therefore provides a less
localized representation of feature relevance.
MW-ReliefF combines the feature relevance
contributions obtained at multiple k values
instead of relying on a single neighborhood
scale. Consequently, a feature that remains
informative across different neighborhood
configurations can accumulate support from
multiple local structures, while a feature
whose relevance is strongly dependent on a
particular neighborhood scale has a reduced
influence on the aggregated ranking. The
weighting mechanism further controls the
contribution of each neighborhood scale,
with inverse weighting assigning greater
importance to smaller k values while

retaining  information  from  broader
neighborhoods. Thus, the improvement
observed in the experiments can be

interpreted as a consequence of reducing the
dependence of feature ranking on a single
neighborhood configuration and integrating
complementary  local and broader
neighborhood information. This
interpretation is also consistent with the
experimental results obtained using different
classifiers, where MW-ReliefF achieved the
highest average accuracy for SVM, KNN,
and Random Forest, with accuracies of
0.7838, 0.8563, and 0.8859, respectively.
The effectiveness of a feature selection
method should not be inferred from a single
dataset or a single classification model
although accuracy is used as the primary
performance measure in the experimental
comparison. Therefore, the evaluation in this
study was conducted across 20 benchmark
datasets and repeated using four different
base classifiers, namely Ridge Classifier,
Support  Vector Machine, K-Nearest
Neighbors, and Random Forest. In addition,
non-parametric  statistical analysis was
performed using the Wilcoxon signed-rank
test to determine whether the observed
differences between MW-ReliefF and the
competing feature selection methods were
statistically significant. Thus, the

effectiveness of MW-ReliefF was assessed
through its performance consistency across
heterogeneous datasets, classifier settings,
and statistical comparisons rather than solely
through an isolated difference in Accuracy.

Non-parametric  statistical tests were
performed  for  comparing  multiple
algorithms over multiple datasets to
determine whether the observed

improvements of MW-ReliefF over the
competing feature selection methods are
statistically significant. Since the null
hypothesis ~ was rejected, pairwise
comparisons between MW-ReliefF and each
competing method were subsequently
conducted using the Wilcoxon signed-rank
test. A significance level of o = 0.05 was
adopted throughout all statistical analyses.
The obtained p-values indicate whether
the observed improvements of MW-ReliefF
are statistically significant rather than being
caused by random variations among datasets
as can be seen in Table 8. Wilcoxon signed-
rank tests demonstrated that MW-ReliefF
significantly outperformed the baseline
ReliefF algorithm as well as the remaining
competing methods on the majority of
benchmark datasets. These results support
that the observed performance improvements
are not due to random variations but

originate from the proposed multi-
neighborhood weighted aggregation
mechanism.

Table 8. Wilcoxon signed-rank test comparison.

Compared Models p-value
MW-ReliefF vs ReliefF 0.012
MW-ReliefF vs SURF 0.001
MW-ReliefF vs TURF 0.0003
MW-ReliefF vs MultiSURF 0.004
MW-ReliefF vs Baseline 0.009

The effectiveness of a feature selection
method cannot be assessed solely from the
absolute classification accuracy obtained by
a single classifier. Therefore, the evaluation
in  this study considers  multiple
complementary aspects of feature selection
performance. First, classification accuracy is
used as the primary predictive criterion to
quantify whether the selected feature subsets
preserve or improve the discriminative
information contained in the original feature
space. Second, the robustness of the feature
selection method is examined across
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different classification algorithms, including
Ridge Classifier, Support Vector Machine,
K-Nearest Neighbors, and Random Forest, to
determine whether the observed
improvements are dependent on a particular
classifier. Third, the generality of the
proposed method is evaluated across 20
datasets with different characteristics and
numbers of selected features. Finally,
statistical significance is assessed using the
Wilcoxon signed-rank test to determine
whether  the performance differences
between MW-ReliefF and the competing
feature selection methods are statistically
significant. In addition, a sensitivity analysis
of different neighborhood configurations is
used to examine the stability of MW-ReliefF
with respect to the selected -lists. These
complementary evaluations provide a
broader assessment of predictive
effectiveness, classifier independence, cross-
dataset robustness, statistical significance,
and parameter sensitivity.

Quantitative comparison of the obtained
results was performed at both the dataset
level and the aggregate level. For each of the
20 benchmark datasets, the classification
accuracy obtained after feature selection by
MW-ReliefF was directly compared with

those obtained using ReliefF, SURF, TURF,
and MultiSURF. In addition to individual
dataset results, the mean accuracy across all
datasets was calculated for each feature
selection method, providing an overall
measure of comparative performance. The
experiments were also repeated using
different base classifiers to examine whether
the observed performance differences were
dependent on the underlying classifier. This
reporting strategy enables the effectiveness
of MW-ReliefF to be evaluated not only
from individual accuracy values but also
from its aggregate performance across
heterogeneous datasets and classification
models.

The Wilcoxon signed-rank test was
employed for pairwise comparisons between
MW-ReliefF and each competing feature
selection method to complement the
descriptive comparison. The test was applied
across the datasets using a significance level
of a = 0.05. A p-value below 0.05 was
considered evidence of a statistically
significant difference between the paired
methods. Thus, the evaluation considers both
the magnitude of the observed classification
accuracies and the statistical significance of
the differences.

Table 9. Classification F-Score results with base classifier as Ridge
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# of
Dataset Selected | Base (Ridge) | ReliefF | MW-ReliefF | Surf Turf Multisurf
Features
Automobile 5 0.6930 0.7407 0.7983 0.6454 | 0.5026 0.6388
Breast Cancer 5 0.5132 0.5477 0.6266 0.5132 | 0.4787 0.5477
Breast Cancer 5 0.7680 0.8180 0.8780 0.8680 | 0.8680 0.7180
Wisconsin
Car Evaluation 3 0.6078 0.6251 0.6467 0.6251 | 0.6251 0.6193
Chess (King-Rook vs.
King-Pawn) 5 0.9134 0.9228 0.9296 0.9196 | 0.9196 0.9040
Cylinder Bands 5 0.7853 0.8034 0.8316 0.6216 | 0.6580 0.7671
Dermatology 5 0.9612 0.8801 0.9983 0.8531 | 0.8531 0.8261
Glass Identification 5 0.6458 0.6912 0.6912 0.8018 | 0.5094 0.5094
Hayes-Roth 2 0.2845 0.3470 0.3470 0.4195 | 0.3470 0.3470
Horse Colic 5 0.8066 0.7796 0.8436 0.8066 | 0.8066 0.8066
lonosphere 5 0.7949 0.7671 0.8049 0.8505 | 0.7116 0.7949
Lung Cancer 5 0.9338 0.8527 0.9709 0.2109 | 0.4609 0.7109
Page Blocks
Classification 5 0.9084 0.9066 0.9239 0.8974 | 0.8974 0.8755
Post-Operative Patient 4 0.7613 0.8724 0.8724 0.8724 | 0.8724 0.8724
SPECT Heart 5 0.6882 0.7622 0.8093 0.7993 | 0.6511 0.7993
SPECTF Heart 5 0.7252 0.7622 0.8093 0.7993 | 0.7993 0.7993
Tic-Tac-Toe Endgame 7 0.6163 0.6059 0.6367 0.5746 | 0.6059 0.5746
Congressional Voting
Records 10 0.9515 0.9288 0.9743 0.9743 | 0.9743 0.9288
Statlog %2’{5"‘” Credit 5 0.7470 0.7870 0.7470 | 0.8070 | 0.7470 0.7470
Statlog (Landsat
Satellite) 30 0.7390 0.7375 0.7521 0.7344 | 0.7359 0.5139
Average 0.7422 0.7569 0.7963 0.7290 | 0.7012 0.7150
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Table 9 presents the F-Score results
obtained using Ridge as the base classifier.
Overall, MW-ReliefF demonstrates strong
and competitive performance, achieving the
highest average F-Score of 0.7963,
compared with 0.7422 for the baseline Ridge
classifier, 0.7569 for ReliefF, 0.7290 for
SURF, 0.7012 for TURF, and 0.7150 for
MultiSURF. MW-ReliefF achieves the
highest F-Score on most datasets, although
SURF performs better on a few datasets such
as Glass ldentification, Hayes-Roth, and
lonosphere. These results provide additional
quantitative evidence that the performance
advantage of MW-ReliefF is not limited to
accuracy alone and is also reflected in the
balance between precision and recall.

5. Conclusion

This study introduced Multi-k Weighted
ReliefF (MW-ReliefF), an enhanced feature
selection algorithm that extends the classical
ReliefF method by incorporating multiple
neighborhood sizes through a weighted
ensemble mechanism. The core innovation
of MW-ReliefF lies in its ability to capture
both local and global relationships among
features by simultaneously considering
multiple k-values rather than relying on a
single neighborhood scale. By integrating
inverse or uniform weighting strategies,
MW-ReliefF effectively balances the
influence  of smaller and larger
neighborhoods, allowing for a more nuanced
and stable evaluation of feature relevance.

Comprehensive experiments conducted
on twenty benchmark datasets demonstrated
that MW-ReliefF  achieved  superior
performance on most of the evaluated
benchmark  datasets. The  superior
classification accuracies obtained using the
Ridge Classifier validate the method’s
robustness and its capacity to identify highly
discriminative and non-redundant features.
Particularly, the inverse weighting strategy
proved effective in enhancing sensitivity to
locally informative features while
maintaining generalization across diverse
data distributions.

The results confirm that MW-ReliefF not
only improves classification performance but
also contributes to more interpretable and

computationally  efficient models by
reducing data dimensionality  without
sacrificing accuracy. Its adaptability across
both binary and multi-class problems
underscores its potential applicability to a
wide range of machine learning domains,
including bioinformatics, finance, and signal
processing.

Although MW-ReliefF was evaluated on
20 benchmark datasets with different
numbers of instances, features, and class
structures, the present experimental study
does not specifically target extremely large
or ultra-high-dimensional datasets. The
proposed method remains within the filter-
based feature selection framework and
therefore does not require repeated training
of a downstream classifier during feature
evaluation. However, unlike conventional
ReliefF, MW-ReliefF evaluates
neighborhood relationships for multiple k
values,  which introduces additional
computational overhead as the number of
neighborhood settings Increases.
Consequently, the scalability of MW-ReliefF
should be considered in relation to both
dataset size and the number of k values used.
A systematic evaluation on substantially
larger and higher-dimensional datasets, such
as large-scale text, genomic, and other high-
dimensional datasets, is therefore required to
establish the practical scalability and broader
generalizability of the proposed method.

Future research will explore the
integration of MW-ReliefF into hybrid
feature selection frameworks that combine
filter and wrapper paradigms, as well as its
adaptation  for  deep  learning-based
representations. Additionally, extending the
algorithm to handle streaming or dynamic
data environments represents a promising
direction for further investigation.
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