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Abstract—Using a Dhole Optimization Algorithm-Genetic 

Algorithm (DOA-GA) wrapper, this study reduces feature 

numbers from an ANOVA filter retaining 500 features. DOA and 

GA utilize half of the iteration budget, and the fitness function 

balances subset size and error using K-nearest neighbors. EEG 

Brainwave and HBN datasets were 4-channel and 128-channel, 

respectively. The final ANOVA filter-reduced feature sets were 

232 and 241 features, yielding 90.9% and 95.9% reductions, 

respectively. In the Results section, XGBoost models had 

accuracies of 95.53% and 97.82% on the EEG Brainwave data and 

HBN data, respectively. Some overlap of participants and sessions 

may have biased the results. The validity of HBN labels and 

matched-size comparisons are still undetermined; the results of 

this study do not prove subject-independent emotion recognition 

or isolate the wrapper effect. The evaluation also compares 

optimization time, retained feature counts, and downstream 

classifier performance across six learning algorithms, providing a 

descriptive assessment of the trade-offs between dimensionality 

reduction and predictive accuracy. 
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I. INTRODUCTION 

To create an emotion-detecting technology, we must identify 
aspects of human experience that can still be measured if a 
person tries to control their emotions or hide their feelings. One 
such technology is electroencephalography (EEG). EEG can 
measure activity in the brain and interpret nuances in processing 
and its relation to mood and emotion. The device has a relatively 
quick sampling speed and millisecond precision [1]– [3]. There 
are, however, several artifacts and variable distractors that can 
get in the way of the data collection and can make EEG difficult 
to interpret [4], [5]. 

The biggest concern in this regard is when equipment used 
to collect data has a different density of electrodes. It has been 
shown that a wearable EEG device can create thousands of 
signals from only a handful of electrodes while a clinical EEG 
device can create the same signals from 64 or 128 electrodes. 
Training machines to decode the signals from EEG can help 
serve the goal of emotion detection, but not at the rate that is 
required in today's computing environment [6], [7]. Decreasing 
the number of signals created from the EEG can help serve the 
machine learning goal of emotion detection, and it can aid in 
creating an interactive, portable, and adaptable system. 

Filter methods are fast, but don’t capture interactions with 
the final classifier. Wrapper methods, on the other hand, are too 

computationally expensive. However, recent works combining 
Wrapper and Metaheuristic methods have started to address 
limitations of combinatorial search, particularly partial 
convergence and a lack of stability. Most works based on the 
combination of Wrapper and Metaheuristic methods use only 
one of the search techniques and evaluate only one acquisition 
setting, which leaves a considerable amount of uncertainty 
regarding the effectiveness of a feature subset under different 
levels of channel density and substantive variation of the 
original feature set. 

This paper investigates feature construction, ANOVA 
filtering, and a sequential DOA-GA wrapper. Its contribution is 
the evaluation of this combination across two EEG acquisition 
settings using repeated optimizer runs and six classifiers. Filter-
wrapper and exploration–exploitation approaches already exist 
[9], [10], [17]; no first-of-its-kind claim is made. 

II. RELATED WORK 

A. EEG Emotion Recognition 

EEG emotion-recognition pipelines commonly combine 
artifact removal, segmentation, feature extraction, feature 
reduction, and classification. Statistics like time-domain, 
spectral band power, and entropy are related to emotional 
valence and arousal; hence, their use in EEG analysis [2, 5, 13]. 
It has been shown that deep learning models can classify EEG 
data with high accuracy [6, 14]. However, when comparing the 
classification performance of conventional classifiers with deep 
learning models, the choice of features could play a greater role 
than selection effects [24]. 

B. Feature Selection and Metaheuristic Search 

Filters such as ANOVA and mutual information select 
variables before classification; principal component analysis 
instead transforms the representation. ANOVA is attractive 
because it ranks each variable using between-class and within-
class variation with minimal overhead [15]. Wrappers evaluate 
subsets using a learner and can capture predictive interactions, 
but their repeated evaluations are expensive. Evolutionary and 
swarm optimizers, including GA, particle swarm optimization 
(PSO), enhanced Coati optimization, and channel-wise 
approaches, have therefore been used to approximate optimal 
subsets [8]-[12], [16]. Prior work examines feature reduction 
[21] and hybrid GWO-XGBoost selection [22]. A limitation is 
the exploration-exploitation trade-off. Delaying convergence 
with exploration takes longer to find solutions. Premature 
exploitation can get stuck around local solutions. Combining 
complementary search behaviors is the core idea of most hybrid 
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approaches [10], [17]. The current implementation uses a fixed 
mid-search handoff. The search first takes place through leader-
guided stochastic movement to map candidate spaces. A genetic 
algorithm is then used to perform crossover, mutation and 
elitism to fine-tune solutions in the mapped region. 

Sharma et al. studied the use of evolutionary algorithms for 
mental stress detection using EEG [25]. Awadallah et al. 
presented an improved binary Rat Swarm Optimizer for feature 
selection [26]. These works inspired the use of hybrid search but 
are not directly comparable under the present conditions. 

III. MATERIALS AND METHODS 

A. Datasets and Feature Construction 

Two public datasets were selected to test acquisition 
heterogeneity. Dataset 1 is the EEG Brainwave dataset 
introduced by Bird et al. [18]. It contains 2,133 four-channel 
EEG samples associated with positive, negative, and neutral 
emotional states. After data-quality checks, 2,548 engineered 
variables were available. Dataset 2 is drawn from the Healthy 
Brain Network EEG resource [19]. Recordings from ten 
participants and 128 channels produced 3,951 samples for the 
experimental protocol. Signals were filtered from 0.5 to 40 Hz, 
segmented using event annotations, standardized, and 
represented by six time-domain and 40 frequency-domain 
features per channel, yielding 5,888 variables per sample. 
Table I summarizes the sample count, channel density, class 
count, and initial feature dimensionality of both datasets. For 
Dataset 2, the mapping from HBN event annotations to emotion 
labels and the per-class counts have not been documented. Its 
three-class results are therefore provisional and cannot yet be 
interpreted as validated emotion recognition. 

TABLE I.  DATASET CHARACTERISTICS 

Dataset Samples Channels Classes Initial 

features 

EEG Brainwave 2,133 4 3 2,548 

Healthy Brain 

Network 3,951 128 3 (labels 

unverified) 5,888 

Both datasets adopted a 75/25 random stratified split of 
windowed samples, and an internal 80/20 training split for 
wrapper evaluation. For both, normalization and ANOVA were 
fit to the outer training data. Note that windows belonging to the 
same participant or session may occur in both outer training data 
partitions. These are sample-level estimates and should not be 
considered results that are independent of subjects. Results from 
grouped evaluation depend on the learned preprocessing and 
feature selection being fitted to the corresponding inner training 
folds [23]. 

B. ANOVA Filtering 

For every feature, a one-way ANOVA score compares 
variation among the emotion classes with variation within the 
classes. Features with larger F statistics carry stronger class-
discriminative evidence. The 500 highest-ranked training 
variables were retained in both datasets. This fixed intermediate 
dimension controls wrapper cost while allowing the same 
optimization budget to be applied to substantially different 
original spaces. 

C. DOA-GA Wrapper 

A candidate solution is a binary vector in which one denotes 
a selected variable. K-nearest neighbors with k = 5 evaluate each 
subset inside the wrapper. The objective combines validation 
error and subset size: Fitness = 0.9 × Error + 0.1 × (Selected 
features / 500). The higher weight on error prevents excessive 
sparsity from dominating predictive quality. The 0.9/0.1 weights 
are fixed design choices; their influence on the accuracy–
sparsity trade-off has not been tested. 

DOA initializes a population of binary candidates and 
updates them relative to the current leader while injecting 
Gaussian perturbations. Its convergence factor decreases 
linearly across the allocated iterations, enabling large 
exploratory moves early and finer leader-centered moves later 
[20]. At the midpoint, the best DOA population is transferred to 
GA. Single-point crossover recombines candidates, mutation is 
applied with probability 0.10, and elitism retains the globally 
best solution. The fixed handoff is a design choice whose benefit 
has not been isolated. The complete data-processing and feature-
selection workflow is illustrated in Fig. 1. Reproduction requires 
the implemented binary transfer rule and update equations, 
boundary handling, GA parent selection, crossover rate, 
mutation semantics, and empty-subset handling; these details 
must be verified from the code. 

 

Fig. 1. Five-stage processing and feature-selection workflow. 

As illustrated in Fig. 1, the proposed framework consists of 
five main stages. First, EEG data are acquired from the EEG 
Brainwave and HBN datasets. Second, the signals undergo 
dataset-specific preprocessing, segmentation, normalization, 
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and time- and frequency-domain feature extraction. Third, 
feature selection is performed through ANOVA filtering 
followed by the proposed DOA-GA wrapper. Fourth, the 
selected subsets are evaluated using six machine-learning 
classifiers and multiple performance measures. Finally, samples 
are classified into three target classes. For HBN, their 
interpretation as positive, negative, and neutral emotions remain 
subject to label validation. 

D. Experimental Protocol 

Population sizes of 20, 40, 60, 80, and 100 and iteration 
budgets of 10, 30, 70, and 100 were examined. Four standalone 
optimizers (DIO, PSO, GA, and DOA) and five hybrids (DIO-
DOA, DIO-GA, DIO-PSO, DOA-PSO, and DOA-GA) were 
compared. Each configuration was run 30 times on one fixed 
outer split to assess optimizer variability. Final subsets were 
evaluated using linear discriminant analysis (LDA), K-nearest 
neighbors (K-NN), support vector machines (SVM), multilayer 
perceptron (MLP), random forest (RF), and XGBoost (XGB). 
Accuracy, weighted precision, weighted recall, weighted F1, 
selected-feature count, and execution time were recorded. 
Table II lists the principal data-splitting, filtering, fitness, and 
optimization settings used in all experiments. The full name and 
source of DIO must be confirmed from the implementation. 
Optimizer and classifier settings must be selected without using 
outer test outcomes. 

TABLE II.  CORE OPTIMIZATION SETTINGS 

Component Setting Value 

Split Outer train/test 75/25 

ANOVA Retained variables 500 

Wrapper Evaluator K-NN, k=5 

Fitness Error : size 0.9 : 0.1 

Search Population 20-100 

Search Iterations 10-100 

Hybrid DOA : GA 50% : 50% 

GA Mutation 0.10 

IV. RESULTS 

A. Dimensionality Reduction 

ANOVA reduced 2,548 and 5,888 features to 500, removing 
80.4% and 91.5%, respectively. DOA-GA then retained 
reported mean counts of 232 and 241, removing 53.6% and 
51.8% of the 500-feature spaces. Total reductions were 90.9% 
and 95.9%. Thus, much of the compression came from ANOVA 
rather than the wrapper alone (Table III). 

TABLE III.  DIMENSIONALITY REDUCTION 

Dataset Original After ANOVA After DOA-GA 

(total reduction) 

EEG Brainwave 2,548 500 232 (90.9%) 

HBN 5,888 500 241 (95.9%) 

B. Comparison of Search Algorithms 

The hybrids listed in Table IV contain DOA-GA as their 
optimizer. The mean accuracy across samples for DOA-GA in 
Dataset 1 is 0.940, and 0.875 for Dataset 2. The corresponding 
F1 scores are 0.941 and 0.872. However, DOA-GA retains more 
features than the other alternatives. This, therefore, raises a 
confounding variable with respect to the choice of optimizer and 
subset size and does not isolate wrapper’s superiority. The time 
vs. accuracy reports of the optimizers are presented in Fig. 2. 

 

Fig. 2. Accuracy, optimization time, and time-saving trade-offs for hybrid optimizers. 
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TABLE IV.  HYBRID PERFORMANCE AVERAGED ACROSS CLASSIFIERS 

Method Accuracy D1 Accuracy D2 Features D1/D2 

DIO-DOA 0.914 0.845 43 / 144 

DIO-GA 0.910 0.836 14 / 90 

DIO-PSO 0.909 0.841 22 / 124 

DOA-PSO 0.920 0.849 125 / 174 

DOA-GA 0.940 0.875 232 / 241 
 

C. Repeated-Run Descriptive Results 

The 30-run accuracy summaries reported were 0.9387 ± 
0.0038 for Dataset 1 and 0.8713 ± 0.0036 for Dataset 2. The 
source of these (i.e., whether they come from inner K-NN 
validation or outer tests) as well as the meaning of the dispersion 
needs to be explained by the logs. As provided in Table V, the 
gains and effect sizes at the run level will remain as provisional 
descriptive results. The previous conclusions at p < 0.001 and 
the effect at the population level are no longer valid. Optimizer 
seeds on one split are not independent evidence of 
generalization. Similar accuracy across runs does not establish 
stable feature selection; selection frequencies and subset overlap 
were not measured. 

D. Downstream Classifier Performance 

The Results section reports XGBoost accuracy and weighed 
F1 of 95.53% and 95.39% for EEG Brainwave (Dataset 1), and 
97.82% and 97.40% for the HBN-derived task (Dataset 2). This 
assignment corrects the submitted abstract but must be 
reconciled with the original predictions and Fig. 3–5. These 
sample-level results do not demonstrate generalization to unseen 
participants; HBN emotion-label validity remains unresolved. 
These downstream comparisons do not establish classifier-
independent optimality, since the subsets were selected using K-
NN fitness. 

TABLE V.  PROVISIONAL RUN-LEVEL COMPARISON 

Dataset Baseline Reported run gain Run effect (provisional) 

D1 DOA 0.0107 2.93 

D1 PSO 0.0132 3.38 

D1 DIO 0.0292 6.83 

D2 DOA 0.0212 5.73 

D2 PSO 0.0213 5.75 

D2 DIO 0.0316 7.97 

 

Fig. 3. Classifier performance and improvement after DOA-GA feature selection.
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Fig. 4. Confusion matrix for XGBoost using the selected EEG Brainwave 

features. 

 

Fig. 5. Preliminary confusion matrix for the HBN-derived task; emotion-

label validity remains unverified. 

V. DISCUSSION 

ANOVA ranks individual features, whereas the wrapper 
repeatedly evaluates candidate subsets using K-NN. DOA and 
GA provide sequential search operations; DOA-GA should not 
be attributed to the behavior of the DIO comparator. Differences 
between the datasets include participants, tasks, and feature 
construction, so these experiments do not isolate channel-
density effects or demonstrate transfer learning. Wrapper 
superiority remains unconfirmed. Selected features have not 
been summarized by channel, frequency band, or feature family; 
their physiological relevance therefore remains unestablished. 

Reduced classifier inputs may lower downstream cost, but 
this does not establish faster feature extraction or real-time 
deployment. End-to-end timing must account for preprocessing, 
feature construction, search, and inference. Matched-size 

controls are needed to distinguish the wrapper contribution from 
ANOVA filtering. Feature reduction also does not demonstrate 
fewer physical electrodes or simpler acquisition hardware. 

VI. LIMITATIONS 

Randomly split EEG windows may share participant or 
session information and artificially inflate accuracy. For the 
main analysis, subject-independent or session-wise validation 
should be done. Sample-level analysis may be provided in 
addition. The HBN emotion classifier requires a documented 
event to label mapping and class counts. In the absence of such 
a mapping, the HBN emotion classifier should be either 
removed or re-framed. The requirements include matched-size 
analysis of variance (ANOVA), mutual information, recursive 
feature elimination (RFE), XGBoost ranking, DOA/GA, and 
handoff ablations. Also required are complete implementation 
details and comparable literature and deep-learning baselines. 
These experiments have not been performed in this revision. 

VII. CONCLUSION 

This study analyzed ANOVA followed by DOA-GA and 
noted final feature counts of 232 and 241 out of 2,548 and 5,888 
variables. Total reduction includes ANOVA. Reported sample-
level accuracies for XGBoost for EEG Brainwave and the HBN-
derived task were 95.53% and 97.82%, respectively. These 
require verification against the original outputs. The results are 
preliminary. Generalizable improvements from DOA-GA 
depend on a combination of factors. The first is a grouped 
validation where, in addition to independently verifying HBN 
labels, DOA-GA and other processes are applied to datasets of 
equal size. 
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