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Abstract

Machine learning has a wide range of applications, including classification, which cat-
egorizes elements based on their characteristics. This paper addresses the challenge of
optimizing attribute weighting while assessing two crossover operators on differential
evolution optimization and increasing the performance of the k-nearest neighbors classifi-
cation algorithm (KNN). We use a differential evolution optimization method and assess
the performance of both the differential evolution and the harmony crossover operators.
Finally, the optimization method uses the accuracy of a KNN classification algorithm as
a fitness function. The results show that the proposed method significantly enhances the
KNN performance while proposing an alternative for other classification models such as
neural networks and Random Forest.

Keywords: differential evolution; crossover operator; KNN; classification; data extraction; heuristics

1. Introduction

Nowadays, machine learning is an essential part of many different applications and
technologies. This subfield of Artificial Intelligence involves supervised learning, includ-
ing techniques such as classification and regression; unsupervised learning, including
clustering and dimensionality reduction; and reinforcement learning, applied to medical
treatment, navigation systems, and customized recommendations.

Classification can be defined as the logical function of organizing elements into cate-
gories or classes according to their characteristics. Classification tasks remain relevant in
the field of machine learning, as they have wide applications in different sectors, such as
the medical health industry [1-3], the work industry [4,5], the educational field [6-8], the
musical industry [9,10], and the fashion field [11,12], among others.

We can categorize classification techniques into complex and simple. In the simple
technique subset, we can find logistic regression, k-nearest neighbors (KNN), decision
trees, and Naive Bayes. These techniques are easy to implement, have a low computational
cost, and are deterministic. Additionally, KNN is a simple distance-based classification
algorithm that lacks attribute weighting and commonly does not reach the performance of
complex approaches.

In the complex technique subset, we can find Random Forest (RF), support vector
machines, and artificial neural networks (ANN) in all their variants—long short-term mem-
ory, recurrent neural networks, convolutional neural networks, and adversarial generative
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networks—which can handle complex and high-dimensional data. Additionally, ANNs
modify the attribute values by applying weightings to activate follow-up neurons until
they reach the output neurons. These weightings adjust the importance of the attributes,
highlighting the most important while diminishing the impact of the less important ones.

These weightings can be applied to other algorithms, e.g., KNN, which is based on
distances; the attribute weightings can be of great importance.

The following paragraphs review work on weighing attributes and attribute selection
for datasets used with classification or regression techniques.

In 2012, Cong et al. [13] proposed a new attribute importance measure and selection
methods based on attribute ranking. For the attribute selection method, the authors
applied input-output correlation (I0C) to calculate the attribute importance and then
sorted them according to descending order; also, the authors proposed a hybrid of the Back
Propagation Neural Network (BPNN) and Particle Swarm Optimization (PSO) to optimize
the weights and thresholds of the BPNN for overcoming the inherent shortcoming of the
BPNN. Their results showed that the proposed attribute selection method is an effective
preprocessing technology.

Jianhua Dai and Qing Xu, in 2013 [14], proposed an attribute selection method based
on fuzzy gain ratio under the fuzzy rough set theory framework. The authors compare
their approach with other works on three real-world tumor datasets in gene expression. In
the comparison among the fuzzy rough set algorithms, the authors found that the proposed
algorithm GAIN Ratio Autocorrelation (AR) feature range stretching (FRS) had better
classification accuracies than the algorithm GAIN AR FRS using the probabilistic neural
network, support vector machines, and the C4.5 decision tree as classifiers. Results showed
that fuzzy rough set algorithms perform better than crisp rough set algorithms.

Cheng et al. in 2018 [15] proposed a weighted KNN using weights obtained from
Particle Swarm Optimization (PSO) and compared it with attribute selection methods, such
as Information Gain and ReliefF Attribute Evaluation, on regression problems. Results
from two datasets, the Physicochemical Properties of Protein Tertiary Structure dataset
and the Airfoil Self-Noise dataset, show that PSO performs better than the tested attribute
selection methods.

Al-Yaseen et al., in 2021 [16], presented a new breast cancer prediction model based
on a modified K-means algorithm and a support vector machine classification algorithm.
The model uses a modified K-means algorithm to create a new training dataset of breast
cancer to reduce the training time of classifiers and improve the performance of support
vector machine classifier. They used two datasets, Wisconsin Breast Cancer and Wisconsin
Diagnostic Breast Cancer, to examine and appraise the performance of the proposed model.
Results showed that the proposed model performs better than other works and has an
accuracy of 98%.

In 2024, Alghamdi et al. [17] proposed an automated ML model for various kinds of
cardiovascular disease (CVD) prediction and classification, implementing an arithmetic
optimization algorithm as an attribute selection technique to select the best subset of
attributes that influence the accuracy of the prediction model, and for the classification task,
the authors used a multilayer perceptron neural network to classify the instances of the
dataset into two class labels, determining whether they have a CVD or not. Results showed
that the proposed model achieved 88.89% prediction accuracy.

Recent studies highlight the continued relevance of improving simple distance-based
classifiers through weighting and optimization strategies. In 2025, Abdalla and Amer [18]
proposed a locally informed weighted k-nearest neighbors algorithm that integrates neigh-
borhood label information into the weighting process. The proposed approach reduces
the influence of outliers and class imbalance by adapting the relevance of the attributes lo-
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cally, achieving a superior classification accuracy compared to standard KNN and globally
weighted variants.

Amer et al. [19] presented effective KNN-based classification models designed to
address class overlap and noisy instances. Their methodology incorporated refined neigh-
bor selection and weighting mechanisms, demonstrating consistent performance improve-
ments across multiple benchmark datasets when compared to traditional KNN and baseline
distance-based classifiers.

Sujdha et al. [20] developed an optimized weighted KNN approach for clinical data
classification. Their model combined attribute and distance weighting with Bayesian
refinement to enhance diagnostic accuracy. Experimental results showed that the optimized
weighted KNN outperformed conventional KNN and several existing weighted variants in
disease classification tasks.

Lidya et al. [21] introduced a triple-weighted KNN algorithm that simultaneously
considers distance, neighbor contribution, and class distribution. The proposed method
demonstrated improved robustness and classification accuracy in image-based agricultural
datasets when compared to classical KNN and single-weighted approaches.

Additionally, Vega-Huerta et al. [22] applied KNN optimization techniques to environ-
mental data classification. Their study showed that appropriately optimized KNN models
can achieve high predictive performance in real-world scenarios, reinforcing the relevance
of enhancing simple classifiers through weighting and optimization mechanisms.

In this paper, we propose an optimization methodology to tackle the problem of
finding the best weights of a given dataset. This methodology uses a differential evolution
heuristic to find the best-known weight for each attribute, with KNN accuracy as the fitness
function. This approach integrates a Harmony-based crossover mechanism into a differen-
tial evolution framework for continuous feature weights. We position this contribution by
directly comparing it with standard differential evolution and representative weighting
baselines. This enables us to evaluate the practical impact of the proposed crossover design.
We further examine the method’s stability across 20 heterogeneous datasets, each with
diverse characteristics and classification challenges. In addition, we study the learned
weights beyond KNN and treat them as a complementary mechanism for other classifiers.

To clearly position our contribution, this work introduces a hybrid optimization
strategy in which the classical crossover operator of differential evolution is replaced by a
Harmony-based candidate generation mechanism for continuous attribute weighting.

The main contributions of this work are as follows: (i) the design of a modified
crossover mechanism within differential evolution based on Harmony Search principles;
(ii) the application of this hybrid strategy to attribute weighting in distance-based classifica-
tion; (iii) a systematic evaluation across 20 heterogeneous datasets to assess the robustness
of the proposed method; and (iv) an analysis of the transferability of the learned weights to
other classifiers; however, their performance is dataset-dependent and therefore we treat
this approach as an alternative.

The main contribution of this work lies in the design of a hybrid optimization strategy
that replaces the classical crossover operator of differential evolution with a Harmony-based
candidate generation mechanism. Unlike standard DE, in which crossover combines target
and mutant vectors, the proposed approach introduces a memory-driven, dimension-wise
sampling process controlled by HMCR = 0.85 and PAR = 0.75 parameters. This modification
changes the exploration—exploitation balance of the algorithm and enables a more adaptive
construction of candidate solutions.

In contrast to previous studies that apply weighting strategies or optimization tech-
niques independently, this work focuses on modifying the internal search dynamics of
DE for attribute weighting. Additionally, we provide a systematic evaluation across
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multiple heterogeneous datasets and compare the proposed method against represen-
tative weighting baselines, allowing us to assess its practical impact in distance-based
classification scenarios.

The remainder of the paper is as follows: Section 2 presents the datasets used in this
work and the preprocessing performed on each one. Section 3 shows our approach for
this study. Section 4 contains the results reached for this study, and Section 5 shows our
conclusions about this work.

2. Datasets and Preprocessing

We used twenty datasets obtained from publicly available repositories, Kaggle [23]
and UCI Machine Learning Repository [24]. The datasets have different sizes, numbers of
attributes, and data types. Additionally, all preprocessing steps, including normalization,
encoding of categorical variables, and dataset transformations, were applied consistently
across all datasets. Table 1 shows the details of the datasets, where the first column presents
the dataset name, the second shows the number of numeric attributes, the third column
contains the number of nominal attributes, the fourth column indicates the number of
nominals with one-hot encoding, the fifth column shows the total number of attributes
in the dataset, the sixth and seventh show the total number of instances and the number
of classes in each dataset, and the last column presents the class balance entropy for each
dataset, calculated using

k
Hi = —)_ pilog(pi), (1)
i=1
where p; is the proportion of instances belonging to class 7, and k is the total number of classes.

Table 1. Datasets: NA = numeric attributes, NtO = nominals to ordinal, NtOH = nominals to
one-hot encoding, TA = total attributes, NR = number of records, C = classes, Entropy = class balance
normalized entropy k.

Dataset Name NA NtO NtOH TA NR C Entropy
Body Performance 10 0 1 11 13,393 4 1.0000
Caffeine Content of Drink 3 0 0 3 610 6  0.8649
Cirrhosis Patient Survival 11 1 6 18 418 5 0.7949
Cryotherapy Dataset 4 1 1 6 90 2 0.9968
Customer Behavior 7 4 0 11 1125 2 0.7219
Diabetes Multiclass 10 1 0 11 264 3 09146
Drivers Licence 10 3 2 15 500 2 1.0000
Drug 200 2 2 1 5 200 5 0.8479
Flavor Sense 1 1 3 5 10,000 4 0.8172
Gender Classification 2 5 0 7 5001 2 1.0000
Heart Failure Clinical 7 5 0 12 918 2 0.9918
Iris 4 0 0 4 150 3 1.0000
ME/CEFS vs. Depression 9 4 2 15 1000 3 0.9615
Migraine Classification 1 22 0 23 400 7 0.6639
Online Gaming Behavior 6 14 0 20 40,034 3 0.9561
Personality 5 4 0 9 2900 2 09994
Shopping Behavior 4 4 8 16 3900 7 09998
Spotify Recommendations 10 3 0 13 195 2 0.9995
Water Potability 9 0 0 9 3276 2 0.9649
Wine 11 0 0 11 1143 6  0.6585

To preprocess the datasets, we analyzed the categorical attributes and selected an
encoding strategy based on whether the categories were continuous. In Table 1, the NtO
column reports the number of categorical attributes encoded as ordinal variables. We
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used ordinal encoding when the categories followed a natural progression or could be
interpreted as ordered values, including binary variables (e.g., Yes/No and Male/Female)
and variables coded as Good = 1, Regular = 2, and Bad = 3. In contrast, the NtOH column
reports the number of categorical attributes encoded with one-hot encoding. We used
one-hot encoding when the categories did not preserve continuity and represented distinct
groups without a defensible ordinal relationship. We applied these rules to all datasets
without further optimization.

To ensure full transparency of the preprocessing stage, we provide the original and
preprocessed versions of all datasets in the public repository associated with this work in
Section 5. These resources include the categorical variables encoded using ordinal schemes,
the resulting numerical representations, and the applied transformations for each dataset.

We used preprocessed datasets obtained with the normalization Equation (2), which
normalize values from 1 to 10. We use this scale to avoid dealing with very small
floating-point numbers while debugging.

Norm(x;) = X i g4 q ()
Xmax — Xmin
where x; € X is the value i, for attribute X, x,,;, € X is the minimum value of the X
attribute, and x;0x € X is the maximum value of the X attribute.

3. Weighting Through Differential Evolution

This study proposes adding the attribute-weighting attribute to the KNN classification
algorithm using the differential evolution heuristic optimization technique. The objective is
to assign w; € W for each 4; € A in the dataset, where each weight w; is the weight of every
a; attribute. Additionally, w; represents the attribute’s importance; i.e., larger absolute
weights relate to more important attributes.

Figures 1-4 illustrate the attribute-weighting mechanism and the optimization work-
flow at a conceptual level. Their purpose is to support the methodological explanation of
the proposed approach rather than to provide empirical diagnostic visualizations.

Figure 1 shows the process of converting the attributes by adjusting its importance w
by multiplying it with a; to produce a new value aw;.

W, ay aw,

Wy | ag aw,

w, " a, aw,

Figure 1. Weighting attributes.
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3.1. KNN

The KNN algorithm is a supervised learning algorithm that classifies an element of
the dataset based on its distance to other elements of the dataset. Figure 2 shows the data
distribution and the way that KNN identifies if a specific element of unknown classification
belongs to the category “A” or “B”.

To use this model, we need to calculate the distance among the new element with all
the elements in the dataset, select the class of the k nearest elements, and assign the label of
the majority vote to the new element.

y y
New element
to classify
°© o © o
oo o
e o (o]
6 %, o
fo) o
o
Class A Class A
OcClass B OcClass B
X X
y

ClassA
OClass B

X

Figure 2. KNN process.

Our proposal is based on the concept of rescaling the attributes, trying to find a
scale that enhances the distance classification. Figure 3 shows an example of the rescaling
reducing the y-dimensionality.

The adjustment of the attributes weights provides a better representation of the
space, visibly distinguishing the elements of each class, producing a more reliable
distance-based classification.

° ®,% 4 O ClassA
09 %%
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o® £ o
3 o o 8¢
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40 0 o & £y
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Figure 3. KNN plane distribution.

3.2. Differential Evolution Algorithm

Differential evolution (DE) is a population-based metaheuristic optimization algo-
rithm designed for solving continuous optimization problems. Storn and Price originally
proposed DE as a simple yet efficient evolutionary strategy that relies on vector differences
to guide the search process [25].

DE operates on a population of candidate solutions, where each individual is repre-
sented as a real-valued vector. In this study, each individual corresponds to a candidate
weight vector W = [wq, w», ..., wy|, where each component represents the weight assigned
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to a dataset attribute. The optimization process iteratively improves the population through
mutation, crossover, and selection operators.

At each generation g, DE generates a mutant vector vig for each target vector x;g by
combining three distinct individuals randomly selected from the population, rq, 7, and 3.

o = x5 +F-(xf, — x3,), 3)

where F € (0,2) is the mutation scaling factor.
Subsequently, the algorithm applies a binomial crossover operation to generate a trial
vector u? by combining the mutant vector with the target vector:

g . .
S Uiir if rand; < CRor j = jrana,
Pl

i, .
J i otherwise,

where CR € [0, 1] is the crossover rate and j,,,,4 is a randomly selected index that guarantees
that at least one component of the trial vector is inherited from the mutant vector.

Finally, the selection step compares the trial vector with the target vector using a prede-
fined fitness function. The vector that achieves better fitness survives to the next generation:

on_ [l R > £,
1

xlg , otherwise.

Algorithm 1 summarizes the classical differential evolution procedure.

Algorithm 1 Classical differential evolution algorithm

1: Input: Population size NP, scaling factor F, crossover rate CR, stagnation limit S
2: Output: Best solution vector xp.s;

3: Initialize population {x;}'] randomly

4: Evaluate each solution using the KNN-based fitness function

5: Xpest <— best solution in the population

6: stagnation < 0

7: while stagnation < S do

8 improved < false

9 fori =1to NP do

10: Select distinct indices r1,72,73 #~ i

11: Generate mutant vector v;

12: Apply binomial crossover with mandatory index j,,,,4 to generate trial vector u;
13: Evaluate u; using the KNN-based fitness function
14: if f(ui) > f(xi) then

15: Xij < Ui

16: improved < true

17: if f(x;) > f(xpest) then

18: Xpest < Xi

19: end if

20: end if

21: end for

22: if improved then

23: stagnation < 0

24: else

25: stagnation < stagnation + 1

26 end if

27: end while
28: return Xxp.q
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3.3. Differential Evolution with Harmony-Based Crossover (DE-HX)

Although the classical DE procedure uses binomial crossover with a mandatory inher-
ited component, the proposed DE-HX replaces that stage with a Harmony-based candidate
generation mechanism. The DE-HX approach differs from classical differential evolu-
tion by modifying the crossover mechanism, introducing a Harmony-inspired candidate
generation process that alters the construction of new solutions.

In this section, we define DE-HX as a hybrid optimization approach that integrates
differential evolution (DE) with a Harmony-inspired candidate generation mechanism for
attribute weighting.

DE-HX replaces the classical crossover stage of DE. It does not introduce an additional
recombination operator after crossover, nor does it maintain a separate Harmony Memory
structure in parallel with the DE population. Instead, the current DE population serves as
the source memory from which candidate components are sampled.

Each candidate solution represents a vector of continuous attribute weights. For each
current solution W;, DE-HX generates a new candidate vector Wy, in a dimension-wise
manner. For each component j, the algorithm selects a value from another solution W; in the
current population, with r # i, with probability HMCR (Harmony Memory Considering
Rate); otherwise, it generates a random value within the predefined search bounds [L;, U]
Additionally, with probability PAR (Pitch Adjusting Rate), the selected component is locally
adjusted to promote exploration. After each update, the component is clipped to remain
within the valid bounds.

Once Wyew is generated, the algorithm evaluates it using the KNN-based fitness
function. If fitness(Wyew) > fitness(W;), then the current solution W; is replaced by Wie.
If the updated solution also improves the best solution found so far, the algorithm updates
Wiest accordingly.

This procedure preserves the population-based iterative structure of DE while replac-
ing the standard crossover stage with a Harmony-inspired mechanism for constructing
candidate solutions.

To make the optimization process fully reproducible, Algorithm 2 summarizes the
complete DE-HX procedure, including population initialization, Harmony-based candi-
date generation, KNN-based fitness evaluation, local replacement of solutions, and the
stagnation-based stopping criterion. In this formulation, the current DE population is the
only memory structure used during the search.

Figure 4 shows the evaluation process for the initial weightings; it begins by multiply-
ing the dataset by the proposed weights, yielding a new weighted dataset, and then the
KNN algorithm obtains its accuracy. This process continues with the following weights.

weights ds Accuracy
0.5/ 02| 0.3] 1 L5 0 [24] 1 82
Acc
35(02|18] 2 (KNN(ds))
250021 3|3
ds
317081 05/02(03] 1 03] 0 |64]04 82
Ace
07| 0 |48|08 79
711612 0.1] 0 |0.8(0.4 (KNN(ds)
S 1(10]3 050 | 8 |12
0.5[02(03| 1 910 (24|09 82
Acc
0110 (08|04 79
21 107 18] 18 (KNN(ds))
3 (07(03] 9 15107] 3 |27 92

Figure 4. Evaluation of initial weights.
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Algorithm 2 Differential evolution with Harmony-based crossover (DE-HX)

1: Input: Population size NP, lower bound Lj, upper bound U, HMCR, PAR, stagnation
limit S

2: Output: Best weight vector Wy,
3: Initialize population W = {Wy, Wy, ..., W;} randomly in [L;, U]
4: Evaluate each solution using the KNN-based fitness function
5: Whyest < best solution in W
6: stagnation < 0
7. while stagnation < S do
8: improved < false
9: for each solution W; € W do
10: Generate empty candidate vector Wy
11: for each dimension j do
12: if rand() < HMCR then
13: Select another solution W, from the current population, with r # i
14 Waewlj] < Wrlf]
15: if rand() < PAR then
16: Apply local adjustment to Wey /]
17: end if
18: else
19: Whew[j] < random value in [Ly, U]
20: end if
21: Cllp Wiew m to [Lb/ ub]
22: end for
23: Evaluate W, using the KNN-based fitness function
24: if fitness(Wyew) > fitness(W;) then
25: Replace W; < Wiew
26: improved <— true
27: if fitness(W;) > fitness(Wy,s;) then
28: Whest < W,
29: end if
30: end if
31: end for
32: if improved then
33: stagnation < 0
34: else
35: stagnation < stagnation + 1
36: end if

37: end while
38: return Wy,

3.4. Reproducibility and Code Availability

To ensure transparency and reproducibility, the implementation of the proposed
DE-HX algorithm is made available through a public repository presented in Section 5.

All experiments were conducted using Python 3.13.4 and standard machine learning
libraries, including scikit-learn. The main hyperparameters used in the experiments are
explicitly defined in the manuscript, including the number of neighbors in KNN, the
distance metric, and the parameters of the DE-HX algorithm.

The datasets were obtained from Kaggle and the UCI Machine Learning Repository,
and correspond to the versions available during the period January—March 2026. Table 1
provides the list of datasets used in this study.

The link to the repository, for reproducibility, is shown in Section 5.
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4. Results

In this section, we show the results and statistical tests for our proposal. The computa-
tional experimentation was carried out on a computer with an Intel(R) Core(TM) i5-8265U
CPU@1.60GHz 1.80 GHz processor, 8.00 GB of RAM, an operational system of 64 bits, an
x64 processor, Windows 11 Home Edition, 23H2 Version, 22631.3447 OS Compilation, and
a Windows attribute Experience Pack 1000.22688.1000.0.

4.1. Experimental Protocol

To ensure a consistent and reproducible evaluation, all experiments were conducted
using a k-fold cross-validation scheme with k = 5. The dataset is randomly shuffled before
splitting, using a fixed random seed to guarantee reproducibility across runs.

The DE and DE-HX configurations use fixed hyperparameters across all experiments.
For classical DE, we used population size NP = 12, scaling factor F = 1, and weight
initialization within the interval [0,1). For DE-HX, we used the same population size and
initialization range, together with HMCR = 0.85 and PAR = 0.75. In both methods, the
candidate weights were constrained to the interval [0,1), and all experiments used random
seed = 42.

During the optimization process, each candidate solution, representing a set of
attribute weights, is evaluated using the k-nearest neighbors (KNN) classifier, using
k =5 neighbors and Euclidean as the distance metric. The fitness function corresponds to
the average classification accuracy obtained across the cross-validation folds.

For the final evaluation of the best solution, we generate out-of-fold predictions
using cross-validation. This approach allows us to compute multiple evaluation metrics,
including accuracy and Macro-F1, providing a balanced evaluation across all classes, and a
more robust assessment of classification performance.

Both differential evolution (DE) and differential evolution with harmony crossover
(DE-HX) use the same initialization scheme, fitness function, random seed policy, and
stopping criterion, providing a consistent comparison framework across methods. All
experiments were conducted using a fixed random seed. The stopping criterion for both
DE and DE-HX is based on stagnation detection. Specifically, the optimization process
stops when no improvement in the fitness function is observed for a predefined number of
consecutive iterations. Therefore, the comparison focuses on the quality of the obtained
solutions under a common optimization protocol rather than on runtime or a strictly fixed
computational budget. Although multiple independent runs and nested cross-validation
were not performed due to computational limitations, the use of k-fold cross-validation
with fixed seeds provides a consistent evaluation framework across all methods.

4.2. Differential Evolution (DE) vs. Differential Evolution with Harmony Crossover (DE-HX)

Here, we compare our proposal’s methodology with the standard KNN and other
complex classification methods, such as ANN and Random Forests.

Table 2 compares the classification accuracy, and the Macro-F1 obtained by differential
evolution using the harmony crossover operator (DE-HX) against standard differential
evolution (DE) across twenty datasets. The results indicate that, in general, DE-HX out-
performs the standard DE approach in the majority of cases; notable performance gains
are observed on datasets such as Cryotherapy, Diabetes Multiclass, Drug 200, ME/CFS
vs. Depression and Migraine Classification, where DE-HX achieves substantially higher
accuracy values. We highlighted the best-performing accuracy algorithm in green and the
best-performing Macro-F1 in yellow.
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Table 2. Comparison between differential evolution with harmony crossover, and differential evolution.

Dataset DE-HX DE
Accuracy Macro-F1 Accuracy Macro-F1

Body Performance 68.44 68.37 69.67 67.37
Caffeine Content of Drink 69.67 67.54 69.67 67.37
Cirrhosis Patient Survival 61.28 39.37 55.76 34.67
Cryotherapy Dataset 97.78 97.76 92.22 92.14
Customer Behavior 80.89 54.02 88.98 58.77
Diabetes Multiclass 98.87 99.09 96.23 95.3
Drivers Licence 88 87.95 86.2 86.14
Drug 200 99 98.6 97.5 97.29
Flavor Sense 91.53 89.75 90.61 88.26
Gender Classification 97.7 97.7 97.6 97.56
Heart Failure Clinical 90.3 90.12 88.12 87.93
Iris 98 98 98 98
ME/CFS vs. Depression 99.6 99.5 90.8 87.36
Migraine Classification 91.5 78.17 86.25 62.54
Online Gaming Behavior 91.92 91.44 88.29 87.78
Personality 93.38 93.24 93.41 93.24
Shopping Behavior 20.08 19.59 17.23 16.74
Spotify Recommendations 96.41 96.4 93.85 93.84
Water Potability 68.16 64.61 65.96 61.92
Wine 63.51 30.43 60.89 28.27

We use gradients to highlight large values, Green for Accuracy and Yellow for Macro-F1.

The differential evolution approach enhanced with the harmony crossover
(DE-HX) consistently achieves higher classification accuracy than standard differen-
tial evolution, demonstrating the effectiveness of the proposed crossover strategy for
attribute-weighting optimization.

4.3. WeightedKNN and ReliefF+KNN vs. Differential Evolution with Harmony Crossover (DE-HX)

To provide a stronger baseline for our results, we include widely used weighting
techniques in the comparison. Tables 3 and 4 compare accuracy and Macro-F1 perfor-
mance, respectively, for our proposal (DE-HX) with a Weighted KNN implementation of
the sklearn.neighbors library in Python; we used KNeighborsClassifier with k = 5 and
distance-based voting (weights = “distance”) and the ReliefF+KNN baseline implemen-
tation with the skrebate library, and we computed ReliefF weights with 5 n_neighbors
and n_features_to_select equal to the full number of input features. We clipped negative
weights to zero, applied the resulting weights to the feature space, and trained a KNN
classifier with k = 5; both techniques use a 5-fold cross-validation. We highlighted the
best-performing accuracy in green and the best Macro-F1 in yellow for each dataset.

We selected these baselines because they represent commonly used and well-established
attribute-weighting strategies in distance-based classification, allowing a meaningful com-
parison with the proposed DE-HX approach.

In general, Tables 3 and 4 reinforce that DE-HX delivers strong overall performance
across most datasets among the weighting strategies evaluated and provides a stronger
feature-weighting scheme for distance-based classification than distance-weighted KNN
and ReliefF+KNN in the same experimental setting, showing the best performance against
weighted methods, in datasets like Cirrhosis Patient Survival, Diabetes Multiclass, Heart
Failure Clinical, Migraine Classification, and Spotify Recommendations.
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Table 3. Accuracy comparison among differential evolution with harmony crossover, Weighted KNN

and ReliefF+KNN.
Accurac
Dataset DE-HX WeightedKNN  ReliefF+KNN

Body Performance 68.44 56.19 65.86
Caffeine Content of Drink 69.67 69.02 67.54
Cirrhosis Patient Survival 61.28 48.09 48.56
Cryotherapy Dataset 97.78 87.78 82.22
Customer Behavior 80.89 77.33 77.69
Diabetes Multiclass 98.87 85.98 92.42
Drivers Licence 88 82 83

Drug 200 99 84.5 96.5
Flavor Sense 91.53 88.57 90.18
Gender Classification 97.7 96.72 96.8
Heart Failure Clinical 90.3 84.75 83.44
Iris 98 95.33 95.33
ME/CEFS vs. Depression 99.6 65.9 96

Migraine Classification 91.5 79.5 81

Online Gaming Behavior 91.92 83.4 91.25
Personality 93.38 91.76 92.79
Shopping Behavior 20.08 15.56 14.13
Spotify Recommendations 96.41 90.26 91.79
Water Potability 68.16 62.55 64.96
Wine 63.51 62.12 55.29

We use Green gradients to highlight large values for Accuracy.

Table 4. Macro-F1 comparison among differential evolution with harmony crossover, Weighted KNN

and ReliefF+KNN.
Dataset Macro-F1
DE-HX WeightedKNN ReliefF+KNN
Body Performance 68.37 56.43 65.82
Caffeine Content of Drink 67.54 66.17 61.49
Cirrhosis Patient Survival 39.37 29.12 27.88
Cryotherapy Dataset 97.76 87.74 82.21
Customer Behavior 54.02 51.1 48.01
Diabetes Multiclass 99.09 80.31 89.35
Drivers Licence 87.95 81.96 82.91
Drug 200 98.6 78.5 94.35
Flavor Sense 89.75 86.3 88.37
Gender Classification 97.7 96.72 96.8
Heart Failure Clinical 90.12 84.5 83.21
Iris 98 95.33 95.33
ME/CEFS vs. Depression 99.5 60.15 94.85
Migraine Classification 78.17 46.23 45.97
Online Gaming Behavior 91.44 82.82 90.78
Personality 93.24 91.75 92.79
Shopping Behavior 19.59 15.54 13.76
Spotify Recommendations 96.4 90.23 91.79
Water Potability 64.61 57.76 61.44
Wine 30.43 34.03 26.06

We use Yellow gradients to highlight large values for Macro-F1.

4.4. Classification Algorithms vs. Differential Evolution with Harmony Crossover (DE-HX) and
Non-Parametric Tests

For more sustainable results, we compare our approach with three classification
algorithms: KNN, ANN, and Random Forest.
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For the standard KNN, we used the KNeighborsClassifier with k = 5 and the default
Euclidean distance. For the ANN, we used scikit-learn’s MLPClassifier with two hidden lay-
ers of 10 neurons each, ReLU activation, the Adam optimizer, a maximum of 1000 iterations,
and random_state = 42. Unless otherwise stated, the remaining parameters were kept at
their default values. For the RF, we used the RandomForestClassifier with 100 trees and
random_state = 42, while the remaining parameters were kept at their default values. These
three techniques were evaluated using 5-fold cross-validation.

Tables 5 and 6 show the accuracy and Macro-F1 performance comparison evaluation
of the DE-HX against KNN, ANN, and Random Forest. The first column presents each
dataset used in this study; in the second column, we show the performance of the KNN
algorithm, which serves as a baseline for classification performance, followed by our
proposal DE-HX, ANN, and RF, each of which is considered complex. In particular, DE-HX
achieves competitive performance across many datasets when compared with the evaluated
classifiers. For easy visualization, we highlight the highest accuracies obtained with
these datasets using a green gradient, and the highest Macro-F1 performance using a
yellow gradient.

In several cases, such as Cirrhosis Patient Survival, Cryotherapy Dataset, Diabetes
Multiclass, Drivers Licence, Shopping Behavior, and Spotify Recommendations, the DE-HX
approach achieves the highest classification accuracy among all evaluated methods.

Table 5. Accuracy comparison among k-nearest neighbors, differential evolution with harmony
crossover, artificial neural network and Random Forest.

Accuracy

Dataset KNN DE-HX ANN RF
Body Performance 55.69 68.44 65.53 73.75
Caffeine Content of Drink 67.21 69.67 65.9 72.62
Cirrhosis Patient Survival 50.24 61.28 47.61 52.39
Cryotherapy Dataset 86.67 97.78 85.56 92.22
Customer Behavior 77.33 80.89 79.38 78.31
Diabetes Multiclass 80.88 98.87 80.3 96.97
Drivers Licence 82 88 81 81
Drug 200 80 99 92.5 99
Flavor Sense 87.51 91.53 91.19 89.92
Gender Classification 96.88 97.7 96.84 96.74
Heart Failure Clinical 84.53 90.3 85.51 86.38
Iris 96 98 92 94.67
ME/CEFS vs. Depression 65.6 99.6 92.5 99.2
Migraine Classification 78.5 91.5 89.5 87.5
Online Gaming Behavior 83.4 91.92 91.78 90.17
Personality 92.79 93.38 93.41 91.93
Shopping Behavior 15.28 20.08 14.69 14.44
Spotify Recommendations 90.26 96.41 90.26 92.82
Water Potability 62.55 68.16 66 66.91
Wine 55.82 63.51 62.64 66.67

We use Green gradients to highlight large values for Accuracy.

Non-parametric tests analyze data that do not have a specific distribution and are
suitable for small datasets. The Friedman test analyzes multiple samples, and the Wilcoxon
signed-rank test compares the mean rank of two related samples to determine if there are
statistical differences between them.

https:/ /doi.org/10.3390/ai7050163


https://doi.org/10.3390/ai7050163

Al 2026, 7,163

14 of 22

Table 6. Macro-F1 comparison among k-nearest neighbors, differential evolution with harmony
crossover, artificial neural network and Random Forest.

Dataset Macro-F1
KNN DE-HX ANN RF
Body Performance 55.67 68.37 65.32 73.72
Caffeine Content of Drink 62.57 67.54 62.21 65.95
Cirrhosis Patient Survival 27.23 39.37 28.02 29.67
Cryotherapy Dataset 86.66 97.76 85.51 92.21
Customer Behavior 47.83 54.02 44.25 48.65
Diabetes Multiclass 80.88 99.09 69.07 96.59
Drivers Licence 81.96 87.95 80.97 80.96
Drug 200 71.47 98.6 89.36 98.63
Flavor Sense 85.67 89.75 89.05 87.53
Gender Classification 96.88 97.7 96.84 96.74
Heart Failure Clinical 84.27 90.12 85.29 86.16
Iris 96 98 92.04 94.66
ME/CEFS vs. Depression 60.34 99.5 90.12 99.01
Migraine Classification 40.96 78.17 75.57 68.13
Online Gaming Behavior 82.76 91.44 91.34 89.65
Personality 92.79 93.24 93.41 91.92
Shopping Behavior 14.98 19.59 14.61 14.36
Spotify Recommendations 90.23 96.4 90.25 92.81
Water Potability 57.76 64.61 58.58 60.5
Wine 26.37 30.43 29.64 35.89

We use Yellow gradients to highlight large values for Macro-F1.

We use the Friedman test to compare the general performance of the techniques used
for this study. Table 7 presents the results of the Friedman non-parametric statistical test,
ranking seven evaluated techniques according to their overall performance across the
20 datasets used. This study revealed statistically significant differences among the seven
evaluated techniques (N =20,k =7, x2(6) = 61.870, p <0.001). DE-HX achieved the highest
average rank of 6.58, followed by DE and RF with 5.25 and 4.58, respectively.

Table 7. Comparison ranking of the seven techniques applied in this study evaluated with the
Friedman test.

Order Model Ranking
1 DE-HX 6.58
2 DE 5.25
3 RF 4.58
4 ANN 3.50
5 ReliefF+KNN 3.20
6 Weighted KNN 2.53
7 KNN 2.38

This ranking indicates that the proposed DE-HX achieves the best overall average
performance across the evaluated datasets.

To control the family-wise error rate across multiple pairwise comparisons, we applied
the Holm post hoc correction using DE-HX as the control method. Table 8 shows the Holm
post hoc comparisons using DE-HX as the control method. After controlling the family-wise
error rate, DE-HX significantly outperformed RF, ANN, ReliefF+KNN, WeightedKNN, and
KNN. The difference between DE-HX and standard DE barely loses significance after Holm
adjustment with p = 0.0515.
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Table 8. Post hoc comparisons with differential evolution with harmony crossover against techniques

applied in this study.
Comparison z Raw p-Value Holm-Adjusted p-Value
DE-HX vs. DE 1.947 0.0515 0.0515
DE-HX vs. RF 2.928 0.0034 0.0068
DE-HX vs. ANN 4.509 0.00000652 0.0000196
DE-HX vs. ReliefF+KNN  4.948 6.45 x 107 0.00000258
DE-HX vs. WeightedKNN  5.929 3.06 x 1077 1.53 x 1078
DE-HX vs. KNN 6.148 7.84 x 10710 4.70 x 1077

Table 9 reports the results of the Wilcoxon signed-rank test comparing DE-HX with
the standard differential evolution and the Random Forest. The table includes the Wilcoxon
statistic (W), the standardized test statistic (Z), the two-tailed p-value, the effect size
(r), the number of wins (W), ties (T), and losses (L) across datasets, and the median
performance difference.

Table 9. Wilcoxon signed-rank test comparison between differential evolution with harmony
crossover against differential evolution and Random Forest.

Comparison W z p-Value Effect Size () W/T/L Median Difference

DE-HXvs. DE 22 2765 0.006 0.652 15/2/3 2.19
DE-HXvs. RE 34 —-2455 0.014 0.563 16/1/3 1.83

The direct Wilcoxon signed-rank comparison between DE-HX and standard DE still
showed a statistically significant difference in favor of DE-HX (Z = —2.765, p = 0.006,
r = 0.652), which suggests that the Harmony-based crossover improves DE in the primary
pairwise comparison, although this effect got reduced under the Holm statistical test. How-
ever, we believe this difference may exceed the p = 0.05 threshold with additional datasets.

The reported effect size (r) quantifies the magnitude of the difference between methods.
Values above 0.5 indicate a large effect, suggesting that the observed improvements are not
only statistically significant but also practically meaningful.

4.5. Differential Evolution with Harmony Crossover (DE-HX) Extraction Dataset vs. Preprocessed
Dataset in Classification Algorithms

Tables 10 and 11 present the improvement in accuracy and Macro-F1 achieved by KNN
after applying the DE-HX attribute-weighting strategy. These tables report the performance
obtained by KNN and DE-HX-weighted, along with the corresponding improvement
percentage for each dataset. We highlight in a green gradient the highest accuracy and in a
yellow gradient the highest Macro-F1 across the 20 datasets.

When comparing DE-HX with the baseline classifiers, the results indicate that k-
nearest neighbors is the technique that benefits most clearly from the optimized weighting
scheme. As shown in Tables 10 and 11, the weighted representation produced by DE-HX
improves KNN performance across most datasets, with larger gains in datasets where
attribute relevance varies more strongly.

Tables 12 and 13 report the impact of the DE-HX on artificial neural network perfor-
mance by comparing baseline ANN accuracy with the accuracy obtained after applying the
weighted dataset, in the second and third columns, respectively. Finally, the fourth column
includes the differences between DE-HX — ANN and ANN. We highlight in green the best
accuracy performance obtained with these datasets and indicate in yellow color the best
Macro-F1 performance.
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harmony crossover, and the improvement percentage.

Table 10. Accuracy comparison between weighted k-nearest neighbors, differential evolution with

Accuracy
Dataset KNN DE-HX Imp Percent

Body Performance 55.69 68.44 12.75
Caffeine Content of Drink 67.21 69.67 2.46
Cirrhosis Patient Survival 50.24 61.28 11.04
Cryotherapy Dataset 86.67 97.78 11.11
Customer Behavior 77.33 80.89 3.56
Diabetes Multiclass 80.88 98.87 17.99
Drivers Licence 82 88 6
Drug 200 80 99 19
Flavor Sense 87.51 91.53 4.02
Gender Classification 96.88 97.7 0.82
Heart Failure Clinical 84.53 90.3 5.77
Iris 96 98 2
ME/CEFS vs. Depression 65.6 99.6 34
Migraine Classification 78.5 91.5 13
Online Gaming Behavior 83.4 91.92 8.52
Personality 92.79 93.38 0.59
Shopping Behavior 15.28 20.08 4.8
Spotify Recommendations 90.26 96.41 6.15
Water Potability 62.55 68.16 5.61
Wine 55.82 63.51 7.69

We use Green gradients to highlight large values for Accuracy.

harmony crossover, and the improvement percentage.

Table 11. Macro-F1 comparison between weighted k-nearest neighbors, differential evolution with

Dataset Macro-F1
KNN DE-HX Imp Percent

Body Performance 55.67 68.37 12.7
Caffeine Content of Drink 62.57 67.54 4.97
Cirrhosis Patient Survival 27.23 39.37 12.14
Cryotherapy Dataset 86.66 97.76 11.1
Customer Behavior 47.83 54.02 6.19
Diabetes Multiclass 80.88 99.09 18.21
Drivers Licence 81.96 87.95 5.99
Drug 200 71.47 98.6 27.13
Flavor Sense 85.67 89.75 4.08
Gender Classification 96.88 97.7 0.82
Heart Failure Clinical 84.27 90.12 5.85
Iris 96 98 2

ME/CEFS vs. Depression 60.34 99.5 39.16
Migraine Classification 40.96 78.17 37.21
Online Gaming Behavior 82.76 91.44 8.68
Personality 92.79 93.24 0.45
Shopping Behavior 14.98 19.59 4.61
Spotify Recommendations 90.23 96.4 6.17
Water Potability 57.76 64.61 6.85
Wine 26.37 30.43 4.06

We use Yellow gradients to highlight large values for Macro-F1.

Artificial neural networks exhibit a more heterogeneous response to the proposed

weighting strategy. As reported in Tables 12 and 13, ANN performance improves notably
in specific datasets, including Body Performance, Cryotherapy, Drug 200 and Me/cfs vs.
Depression. In several other datasets, the performance of the ANN shows only minor
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reductions, indicating that the benefits of attribute weighting depend on the interaction
between the optimized data learning dynamics of the neural model.

Table 12. Accuracy comparison between artificial neural network, DE-HX-weighted dataset, and the
improvement percentage.

Dataset Accuracy
ANN DE-HX —-ANN Imp Percent

Body Performance 65.53 69.03 3.5
Caffeine Content of Drink 65.9 67.16 1.26
Cirrhosis Patient Survival 47.61 45.32 —2.29
Cryotherapy Dataset 85.56 93.26 7.7
Customer Behavior 79.38 79.54 0.16
Diabetes Multiclass 80.3 86.31 6.01
Drivers Licence 81 81.56 0.56
Drug 200 92.5 94.47 1.97
Flavor Sense 91.19 91.19 0
Gender Classification 96.84 96.92 0.08
Heart Failure Clinical 85.51 85.61 0.1
Iris 92 93.96 1.96
ME/CEFS vs. Depression 92.5 98.7 6.2
Migraine Classification 89.5 82.46 —7.04
Online Gaming Behavior 91.78 91.47 —0.31
Personality 93.41 93.45 0.04
Shopping Behavior 14.69 13.95 —-0.74
Spotify Recommendations 90.26 88.66 -1.6
Water Potability 66 64.76 —1.24
Wine 62.64 61.03 —1.61

We use Green gradients to highlight large values for Accuracy.

Table 13. Macro-F1 comparison between artificial neural network, DE-HX-weighted dataset, and the

improvement percentage.

Dataset Macro-F1
ANN DE-HX — ANN Imp Percent
Body Performance 65.32 68.98 3.66
Caffeine Content of Drink 62.21 60.76 —1.45
Cirrhosis Patient Survival 28.02 29.28 1.26
Cryotherapy Dataset 85.51 93.22 7.71
Customer Behavior 44.25 44.73 0.48
Diabetes Multiclass 69.07 77.04 7.97
Drivers Licence 80.97 81.54 0.57
Drug 200 89.36 91.25 1.89
Flavor Sense 89.05 88 —1.05
Gender Classification 96.84 96.92 0.08
Heart Failure Clinical 85.29 85.36 0.07
Iris 92.04 94 1.96
ME/CEFS vs. Depression 90.12 98.39 8.27
Migraine Classification 75.57 66.27 —-9.3
Online Gaming Behavior 91.34 91 —0.34
Personality 93.41 93.44 0.03
Shopping Behavior 14.61 13.8 —0.81
Spotify Recommendations 90.25 88.63 —1.62
Water Potability 58.58 57.28 -1.3
Wine 29.64 29.38 —0.26

We use Yellow gradients to highlight large values for Macro-F1.
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In this transferability analysis, the learned DE-HX weights are applied to ANN and
RF without an additional model-specific re-tuning stage. Therefore, these results should be
interpreted as an exploratory assessment of transferability rather than as a fully optimized
comparison for those classifiers.

Tables 14 and 15 analyze the effect of the DE-HX-weighted dataset on Random For-
est classification accuracy and Macro-F1 performance. The results demonstrate that RF
achieves modest improvements across a limited number of datasets. In many datasets,
performance remains unchanged or slightly decreases after weighting. We highlight in a
green gradient the highest accuracies achieved with these techniques, and use yellow color
to indicate the Macro-F1 improvement.

Table 14. Accuracy comparison between Random Forest, DE-HX-weighted dataset, and the improve-
ment percentage.

Accurac
Dataset RF DE-HX —>}1le Imp Percent

Body Performance 73.75 73.22 —0.53
Caffeine Content of Drink 72.62 72.74 0.12
Cirrhosis Patient Survival 52.39 50.36 —2.03
Cryotherapy Dataset 92.22 92.13 —0.09
Customer Behavior 78.31 79.72 1.41
Diabetes Multiclass 96.97 97.72 0.75
Drivers Licence 81 81.76 0.76
Drug 200 99 98.99 —0.01
Flavor Sense 89.92 90.12 0.2
Gender Classification 96.74 96.8 0.06
Heart Failure Clinical 86.38 87.79 1.41
Iris 94.67 95.97 1.3
ME/CFS vs. Depression 99.2 99.2 0
Migraine Classification 87.5 88.72 1.22
Online Gaming Behavior 90.17 90 -0.17
Personality 91.93 91.93 0
Shopping Behavior 14.44 14.41 —0.03
Spotify Recommendations 92.82 92.27 —0.55
Water Potability 66.91 67.45 0.54
Wine 66.67 65.67 -1

We use Green gradients to highlight large values for Accuracy.

These results align with the internal mechanisms of Random Forest, which already
incorporate random attribute selection and bagging, reducing the marginal benefit of prior
attribute weighting.

This behavior suggests that externally learned attribute weights do not necessar-
ily align with the internal feature selection and partitioning mechanisms of Random
Forest, particularly when the model is evaluated without an additional re-tuning stage
after weighting.

Beyond the differences observed in accuracy and Macro-F1, the results show that
the proposed DE-HX attribute-weighting strategy can also work as a complementary
element in ensemble-oriented schemes. Instead of relying only on the output of an artificial
neural network, the optimized attribute weights provide an explicit representation of
attribute relevance that may support the final decision in hybrid models. This perspective
is particularly relevant for datasets in which ANN shows only limited sensitivity to the
weighted representation, since externally optimized weights may still provide useful
information when combined with neural predictions in decision fusion strategies.
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Table 15. Macro-F1 comparison between Random Forest, DE-HX-weighted dataset, and the improve-
ment percentage.

Dataset Macro-F1
RF DE-HX —RF Imp Percent

Body Performance 73.72 73.19 —0.53
Caffeine Content of Drink 65.95 68.52 2.57
Cirrhosis Patient Survival 29.67 29.01 —0.66
Cryotherapy Dataset 92.21 92.12 —0.09
Customer Behavior 48.65 51.39 2.74
Diabetes Multiclass 96.59 97.45 0.86
Drivers Licence 80.96 81.71 0.75
Drug 200 98.63 98.63 0
Flavor Sense 87.53 87.7 0.17
Gender Classification 96.74 96.8 0.06
Heart Failure Clinical 86.16 87.58 1.42
Iris 94.66 96 1.34
ME/CEFS vs. Depression 99.01 99.01 0
Migraine Classification 68.13 72.06 3.93
Online Gaming Behavior 89.65 89.49 —0.16
Personality 91.92 91.92 0
Shopping Behavior 14.36 14.33 —0.03
Spotify Recommendations 92.81 92.25 —0.56
Water Potability 60.5 61.01 0.51
Wine 35.89 35.7 —0.19

We use Yellow gradients to highlight large values for Macro-F1.

A similar interpretation applies to Random Forest. Although RF already includes
internal mechanisms such as random attribute selection and bagging, the attribute weights
generated by DE-HX may still provide complementary information in ensemble settings
that combine different types of learners. In these cases, the optimized weights can support
the forest-based decision process as an additional source of attribute-level guidance, es-
pecially in stacking or voting schemes. These results reinforce the idea that the proposed
weighting methodology can play a flexible role within broader ensemble frameworks, even
when its direct impact on Random Forest remains limited.

The results presented in Tables 2-15 provide a broader view of the effect of the
proposed attribute-weighting methodology across different classifiers. In general, the
method produces its strongest impact on classifiers that depend directly on the geometry of
the attribute space, while ANN shows a more heterogeneous response, and Random Forest
shows only modest gains. These results indicate that the proposed weighting strategy
fits distance-based classifiers more naturally, while in other models it works better as a
complementary component than as a universal improvement mechanism.

5. Conclusions

This study introduced an attribute-weighting methodology based on differential
evolution, enhanced with a Harmony-based crossover mechanism (DE-HX), to improve
classification performance through optimized data representation.

From a methodological perspective, the main contribution of this work is the modifica-
tion of the crossover stage within differential evolution, replacing it with a Harmony-based
candidate generation mechanism. This approach provides an alternative search strategy
for attribute-weighting problems and alters the exploration—exploitation balance of the
optimization process.

Furthermore, from a computational perspective, the proposed approach relies on re-
peated evaluations of candidate solutions using cross-validation, which represent a signifi-
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cant computational cost. However, the optimization process is guided by a stagnation-based
stopping criterion, allowing each method to reach its maximum performance rather than be-
ing constrained by a fixed runtime. Future work will incorporate detailed runtime analysis
and convergence profiling to better characterize the efficiency of the proposed method.

The experimental results show that the proposed approach achieves strong overall
performance and frequently improves classification accuracy when compared to standard
differential evolution.

The analysis indicates that k-nearest neighbors benefits most clearly from the opti-
mized weighting scheme. By refining the attribute-space representation, the proposed
methodology improves distance-based discrimination, leading to consistent performance
gains across most of the evaluated datasets. These results confirm that attribute weighting
plays a critical role in models that rely directly on distance computations.

Artificial neural networks exhibit a dataset-dependent response when trained on
weighted data representations. In several datasets, the optimized weights lead to noticeable
improvements; however, in other cases, performance remains stable or slightly decreases.
This behavior suggests that the effectiveness of attribute weighting depends on the inter-
action between the transformed feature space and the internal learning dynamics of the
neural model.

Random Forest shows limited sensitivity to the proposed weighting strategy. The
observed variations in performance are generally modest and dataset-specific, with several
cases showing negligible or slightly negative changes. This behavior aligns with the internal
structure of Random Forest, where random feature selection and ensemble learning reduce
the influence of externally imposed attribute weights.

Overall, the proposed DE-HX methodology proves most effective for classifiers that
depend directly on the geometry of the feature space, particularly distance-based methods
such as KNN. In contrast, its impact on models with internal feature selection or represen-
tation learning mechanisms is less consistent and should be interpreted with caution.

The present study focuses on comparative predictive performance and statistical vali-
dation. It does not include convergence plots, parameter sensitivity analyses, or stability
analyses of the learned attribute weights. These elements would provide a deeper under-
standing of the optimization dynamics and the interpretability of the learned solutions,
and therefore constitute an important direction for future work.

These findings highlight the importance of aligning attribute-weighting strategies
with the characteristics of the learning model. Future work will explore the integration of
the proposed approach into hybrid and ensemble frameworks, the incorporation of local
search strategies to refine the optimization process, and the use of near-zero weights as a
basis for attribute selection.
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