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Abstract: Electroencephalogram (EEG) patterns depict electrical activity in the brain. They reveal insights into 

neurological functions, aiding in diagnosing conditions like epilepsy, sleep disorders, and brain injuries. The 

purpose of this research is to establish an innovative machine learning (ML)-driven recognition of EEG patterns in 

cognitive training. In this study, we propose an innovative Dynamic Artificial Rabbit Search-driven Advanced 

Bidirectional Long Short-Term Memory (DAR-ABLSTM) for robust classification of EEG patterns in cognitive 

training tasks. EEG was employed to investigate the impact of various forms of cognitive training on brain activity. 

We obtained EEG recordings from 50 healthy individuals during cognitive training and after a five-week 

programme. A signal processing procedure is employed to preprocess the obtained raw signal data. Our proposed 

model employs a novel approach stimulated by the foraging behavior of rabbits to enhance the classification of 

EEG patterns. We also conducted a t-test using SPSS analytical software to evaluate the pre- and post-cognitive 

training measures. The proposed recognition model is implemented in Python software. In the findings assessment 

phase, we effectively assess the performance of our proposed DAR-ABLSTM in classifying EEG patterns across 

multiple evaluation metrics, such as sensitivity (94.53%), accuracy (97.01%), F1-score (95.72%) and specificity 

(96.62%). Our experimental results demonstrate the capability and reliability of the proposed recognition in 

dynamic scenarios. The results of the analysis showed that both the negative and positive moods had significantly 

changed. The study suggests varying responses to different cognitive training methods. 

Keywords: Electroencephalogram (EEG) patterns, Cognitive Training, Recognition Model, Dynamic Artificial 

Rabbit Search-driven Advanced Bidirectional Long Short-Term Memory (DAR-ABLSTM), SPSS. 

 

1. Introduction 

Analyzing the electrical signals of the brain to 

improve cognitive abilities is referred to as EEG pattern 

recognition in cognitive training [1]. EEG is an 

inexpensive approach that uses sensors applied to the 

scalp to record electrical impulses produced by brain 

activity [2]. These impulses are recorded as waveforms, 

which display diverse mental states and features. EEG 

detection of styles is utilised in cognitive conditioning to 

tune and have a look at those waveforms to understand 

the effects of different thinking procedures and 

conditioning programmes on brain characteristics [3]. 

EEG is frequently used in conjunction with retraining 

processes at some stage of intellectual retraining. 

Biofeedback aims to train people on how to actively 

manipulate their cerebral activity [4]. During mental 

tasks or meditation periods, users receive 

instantaneous feedback on their EEG characteristics. 

Through the use of this input, humans can enhance 

their cognitive and mental well-being by learning how to 

reduce undesirable brain activities [5]. The benefits of 

EEG detection of patterns in mental stimulation are 

evident in several domains, including healing therapy, 

athletics, and education. EEG-based mental stimulation 

has been shown to aid students in educational contexts 

mailto:kishorekanna007@gmail.com
https://doi.org/10.54392/irjmt25515
https://crossmark.crossref.org/dialog/?doi=10.54392/irjmt25515&domain=pdf&date_stamp=2025-09-30


Vol 7 Iss 5 Year 2025      R. Kishore Kanna et.al, /2025 

Int. Res. J. Multidiscip. Technovation, 7(5) (2025) 240-253 | 241 

with attention, memory, and the ability to solve 

problems [6]. EEG training is used by athletes to 

improve mental toughness and concentration. In a 

medical environment, EEG training is used to assist 

patients in better managing their neurological activity to 

cure disorders including depressive disorders, anxiety, 

and epilepsy [7]. A potential multidisciplinary strategy 

that combines computer technology, behavioural 

science, and neurology to improve mental health and 

memory skills is EEG recognition of patterns for 

intellectual training [8]. Those technologies have the 

potential to improve educational results, sports 

performance, and treatment for a range of neurological 

and psychological problems by offering insights into 

brain activity and enabling customised training 

programmes [9]. Recent developments in portable EEG 

technology are facilitating easier and more affordable 

cognitive stimulation. Permanent tracking of brain 

function outside of conventional neuroscience labs is 

made possible by this portable EEG equipment [10]. 

Users of portable EEG headsets can participate in 

cognitive stimulation while continuing with their regular 

lives, as they are more convenient to use and less 

intrusive. This enhanced accessibility encourages EEG-

based cognitive training to be used more frequently and 

consistently, which facilitates long-term research and 

practical applications. Sophisticated techniques for 

signal processing and machine learning algorithms are 

employed to identify EEG patterns [11]. EEG patterns 

in cognition are susceptible to noise, which could 

obscure genuine mind activity. Additionally, the spatial 

resolution of EEG is relatively low, making it tough to 

pinpoint unique brain areas involved. Furthermore, 

character variability in EEG signals can complicate the 

generalization of outcomes throughout distinct subjects 

[12]. The purpose of this paper is to propose an 

innovative Dynamic Artificial Rabbit Search-driven 

Advanced Bidirectional Long Short-Term Memory 

(DAR-ABLSTM) for robust classification of EEG 

patterns in cognitive training tasks. In the remaining 

part of this paper, part 2 represents the related work, 

part 3 provides the methodology, and part 4 describes 

the results and discussion. Part 5 discusses the 

conclusion of the paper. 

 

2. Related work 

This section, Table 1, shows all the most recent 

advances in EEG-based emotion recognition, cognitive 

assessment, and other neural applications.   It presents 

a comprehensive overview of machine learning and 

deep learning techniques, analytical frameworks, and 

clinical applications used to enhance understanding in 

these domains.   The table organises key goals, 

methods, and results, allowing you to easily compare 

the new ideas and discoveries emerging from modern 

research. 

 

Table 1. Comparative Literature Review Analysis of  Proposed Study  

Study Objective  Methodology Key Findings  

[Roshdy et al., 

2024] [13] 

Integration of multiple ML 

models and CNNs for 

multi-input EEG-based 

emotion analysis 

Combined DeepFace CNN 

with an EEG-based CNN 

model 

Enabled effective processing of 

multi-modal emotion and brain 

data for deeper emotional 

understanding 

[Gong et al., 2024] 

[14] 

Development of the CiABL 

model for emotion 

recognition 

Completeness-induced 

Adaptive Broad Learning 

integrating paradigm-

relevant and independent 

info 

Improved cross-subject 

generalization and accurate 

estimation of global features 

 

[Aslan et al., 2024] 
[15] 
 

EEG-based brain region 

analysis for emotional 

evaluation 

Used three EEG datasets 

focusing on brain region 

segmentation 

The frontal region and the left 

hemisphere produced superior 

emotion detection accuracy 

[Jha et al., 2024] 

[16] 

EEG-based emotion 

detection using CNNs 

Multi-column CNN with 

leaky ReLU and DEAP 

dataset 

Captured spatial features 

effectively, improving emotion 

recognition performance 

[Chen et al., 2024] 

[17] 

Detection of Unfavourable 

Driving States (UDS) using 

EEG 

Trained CNNs with 30-

transmission EEG data 

Reduced driving risk via 

functional brain connectivity and 

transfer learning 

[Li et al., 2023] [18] Multi-category emotion 

detection using EEG 

Proposed MESNPs model 

with spatial network 

structure patterns 

Enhanced classification 

accuracy, capturing topological 

graph patterns 

[Jiménez-

Guarneros et al., 

2020] [19] 

EEG decoding within 

Sparse Bayes Learning 

(SBL) 

Used a low-rank weighted 

matrix in the end-to-end 

EEG decoder 

Achieved neurophysiologically 

significant spatio-temporal 

structures outperforming other 

models 
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[Ding et al., 2022] 

[20] 

Emotion classification 

through EEG using CNN 

TSception model with multi-

scale, asymmetric 

convolution 

Outperformed previous CNN 

models on classification and F1 

metrics 

[Xu et al., 2020] 

[21] 

EEG-based motor imagery 

classification 

Deep multi-view feature 

learning for brainwave 

analysis 

Significantly improved accuracy 

in motion-related task 

classification 

[Chakravarthi et al., 

2022] [22] 

PTSD-based emotional 

assessment via EEG 

CNN-LSTM leveraging 

ResNet-152 

Produced higher accuracy in 

emotion assessment than prior 

models 

[Singh et al., 2021] Anxiety assessment in 

athletes via EEG 

Used a portable NeuroSky 

EEG band recording 

A revealed correlation between 

EEG band variations and anxiety 

levels 

[Kanna et al., 2024] 

[23] 

Stroke prediction and 

detection 

Analyzed risk factors using 

patient EEG 

Enabled early detection and 

reduced stroke severity impact 

[Kanna et al., 2024] 

[24] 

Anxiety and stress 

detection from audio 

signals 

Deep neural network 

trained on Kaggle emotional 

audio data 

Accurately classified emotional 

states, including nervousness 

and sadness 

[Mohapatra et al., 

2022] [25] 

Cognitive load 

measurement in operators 

EEG-based power density 

metrics during training 

Provided a reliable measure of 

mental workload changes during 

learning 

[Iqbal et al., 2021] 

[26] 

Neural rehabilitation under 

VR environments 

fMRI combined with VR-

assisted EEG analysis 

Predicted therapy success via 

neuron activity mapping 

[Ansado et al., 

2021] [27] 

Cognitive memory 

rehabilitation using VR 

Real-time EEG with a 

virtual environment for MCI 

patients 

Improved scenario memory skills 

through adaptive VR situations 

[Tan et al., 2021] 

[28] 

Effect of working memory 

training on social anxiety 

(SA) 

EEG-based pre- and post-

treatment analysis 

Significant WM and attention 

bias improvements after training 

[Zhao et al., 2020] 

[29] 

 

Review of neurofeedback-

based cognitive 

enhancement 

Systematic review (2014–

2020) on biofeedback 

studies 

Identified diverse outcomes 

enhancing cognitive functions 

[Da Silva and De 

Souza, 2021] [30] 

Neurofeedback-based 

ADHD improvement in 

children 

30 QEEG-guided NF 

sessions in clinical trial 

Improved attention and cognitive 

functions in the ADHD group 

[Teo et al., 2021] 

[31] 

EEG-based BCI for 

ADHD–ASD therapy 

8-week BCI-based 

intervention 

Demonstrated cognitive 

improvement post 

neurofeedback 

[Qu et al., 2020] 

[32] 

EEG analysis of writing 

and typing 

Muse headset with 4 

electrodes in cognitive 

tasks 

Showed distinct EEG patterns 

for writing vs. typing efforts 

[Molina et al., 

2020] [33] 

EEG-based study of 

schizophrenia cognitive 

decline 

Gamma oscillation analysis 

during FCT therapy 

Identified neuro markers 

predicting therapy response 

[Jeon and Cai, 

2022 [34] 

 

EEG study of VR-based 

construction hazard 

perception 

VR simulation of workplace 

hazards 

Correlated EEG patterns with 

risk perception responses 

[Cruz-Garza et al., 

2022] [35] 

Cognitive effects of 

educational room design 

EEG and cognitive testing 

under 4 classroom layouts 

Spatial configuration affected 

EEG and learning performance 

[Trambaiolli et al., 

2021] [36] 

Neurocognitive evaluation 

using structural MRI 

Review of 10 out of 1912 

MRI-related studies 

Compared methodologies and 

therapeutic effectiveness 

[Gómez et al., 

2021] [37] 

EEG-derived cognitive 

load across scenarios 

Multi-context EEG 

generalizability study 

Validated consistency of 

cognitive burden measures 

[Zhou et al., 2022] 

[38] 

Cross-task cognitive strain 

analysis in HRI 

EEG-based deep model for 

human–robot tasks 

Highlighted the limits of EEG 

data generalization across tasks 

[Israsena et al., 

2021] [39] 

EEG-based 

neurofeedback for elderly 

memory 

Single-channel, inexpensive 

EEG headset 

Improved memory retention and 

accessibility in older adults 

[Merlet et al., 2024] EEG under mindfulness EEG connectivity and Found distinct EEG changes in 
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[40] practice rhythm analysis mindful vs. non-mindful 

individuals 

[Russo et al., 2024] 

[41] 

 

EEG-based acrophobia 

detection 

Real-time EEG framework 

for fear-of-heights 

measurement 

Provided an accurate phobia 

quantification system 

[Romero-Borquez 

et al., 2024] [42] 

EEG study on gaming and 

cognition 

Compared brainwave 

patterns across game 

genres in VR 

Linked EEG changes to focus 

and cognitive engagement 

[Asha et al., 2024] 

[43] 

EEG microstate analysis 

for memory functions 

Studied encoding and 

retrieval activity 

Supported diagnostic and 

treatment guidance through 

microstate mapping 

[Zhang et al., 2024] 

[44] 

EEG-based neural 

computing for sleep issues 

Proposed DCNet with self-

supervised contrastive 

learning 

Learned representations 

enabling efficient sleep disorder 

diagnosis 

[Chattopadhyay, 

2024] [45] 

EEG correlation with 

cognitive learning (CL) and 

ADHD 

RECSAE model integrating 

EEG attention features 

Supported cognitive tracking and 

ADHD-related instruction 

 EEG study of VR puzzle-

based stimulation 

Used spectral entropy and 

MSC to assess activity 

Found higher cognitive 

stimulation with Tetris gameplay 

 

3. Methodology 

In this section, we provide a comprehensive 

explanation for data collection, preprocessing (z-score 

normalization), feature extraction (wavelet transform), 

classification, cognitive test, and statistical analysis.  

 

3.1 Data collection 

EEG recordings are acquired from fifty healthy 

participants both during and following a five-week 

cognitive training program. To pre-process the acquired 

raw signal data, a signal processing approach is used. 

 

3.2 Preprocessing 

To normalize the EEG signal's magnitude and 

remove an offset impact in the input data, apply the Z-

score normalization formula. 𝑧  denotes the 

normalization value, the mean of the EEG signal is 

denoted by 𝜇, 𝑥 denotes the original value and 𝜎 is the 

standard deviation value of the EEG signal. Presented 

as in Equation (1). 

𝑧=(𝑥−𝜇)

𝜎
            (1) 

By constraining the range of values in the raw 

data, this approach enhances the gradient flow in the 

neural network while it is being trained. As a result, the 

training procedure is expedited and the convergence 

rate is raised [46]. To set the starting point of an EEG 

signal to zero, the mean of the electrical signal must be 

removed from the total signal. As a result, the baseline 

will be moved to zero, which makes it easier to detect 

signal changes and contrast various EEG 

measurements. 

 

 

3.3 Feature extraction 

We use the wavelet transform (WT) for feature 

extraction. This technique helps identify neurological 

problems by detecting localized patterns in EEG data, 

such as shocks and acute waveforms. When studying 

non-stationary data like EEG, the wavelet transform 

performs better than conventional Fourier approaches. 

The definition of the WT of a signal 𝑓(𝑥) is, 

𝑊𝑟𝑓(𝑥) = 𝑓(𝑥) ∗ 𝜓𝑟(𝑥) = −
1

𝑟
∫ 𝑓(𝑡)𝜓 (

𝑥−𝑡

𝑟
) 𝑑𝑡

+∞

−∞
        (2) 

𝑟  is the scale factor. A basic waveform 

dilating 𝜓𝑟(𝑥) based on the rating ratio 𝑟  is 𝜓𝑟(𝑥) =
1

𝑟
𝜓 (

𝑥

𝑟
). The WT has the moniker "dyadic WT" if 𝑟 =

 2𝑗(𝑗 ∈  𝑍, 𝑍 is the integral set). The dynamic WT of an 

electronic communication is calculated using the 

following equations. 

𝑅2𝑗𝑓(𝑚) = ∑ ℎ𝑘𝑅2 𝑗−1𝑘𝜖𝑍 𝑓(𝑚 − 2𝑗−1𝑘)       (3) 

𝑊2𝑗𝑓(𝑚) = ∑ 𝑔𝑘𝑅2𝑗−1𝑓(𝑚 − 2𝑗−1𝑘)𝑘𝜖𝑍        (4) 

Here, the smoothing operator𝑅2𝑗 is used. While 

𝑊2𝑗𝑓(𝑚)  =  𝑑𝑗 , 𝑑𝑗  is a high-frequency coefficient that 

represents the detail of original signals𝑅2𝑗𝑓(𝑚)  =  𝑎𝑗 , 𝑎𝑗 

is a low-frequency component that approximates the 

original signals. The WT is thought to be more 

appropriate for examining irregular signals, while the 

discrete wavelet transformation offers a variable time- 
frequency decomposition of the signal. The signal 

structure, utilising the multiresolution formulation, can 

be properly described by a minimal set of equations in 

the wavelet domain. 

When analyzing signals using the WT, the 

choice of the proper wavelet and the number of 

decomposition levels are crucial. The main frequency 

elements of the signal determine the total amount of 

breakdown levels. The levels are chosen so that the 
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portions of the signal that exhibit significant 

associations with the necessary frequencies for signal 

classification are preserved in the wavelet coefficients. 

Four breakdown levels were selected as the number. 

Typically, tests are conducted using many wavelet 

types, and the one that provides the greatest efficiency 

is chosen for the given application.  

 

3.4 Classification 

We proposed the Dynamic Artificial Rabbit 

Search-driven Advanced Bidirectional Long Short-Term 

Memory (DAR-ABLSTM) as a classification method. 

 

3.4.1 Dynamic Artificial Rabbit Search (DAR) 

The rabbit is forced to eat the grasses close to 

other people's nests as part of the diversionary foraging 

technique, which can deter predators from finding its 

nest. Additionally, by employing the randomized hiding 

technique, a rabbit may arbitrarily decide to hide in any 

of its own shelters, potentially lowering the likelihood 

that its adversaries will be able to capture. 

Using the instructions of the given method, 

each iteration modifies the place of residence for each 

bunny, which is subsequently evaluated by the fitness 

function. The methods become increasingly 

sophisticated as the process goes on. Each beginning 

occupied spot is assigned, by Equation (5), to a 

random location inside the searching space: 

𝑌𝑖 = 𝑙𝑏 + [𝑢𝑏 − 𝑙𝑏] × 𝑟𝑎𝑛𝑑(1, 𝑑𝑖𝑚)𝑖 = 1,2, … , 𝑛        (5) 

 

3.4.1.1 Distract from the gathering 

Based on the DAR's detour foraging behaviour, 

each seeking individual decides to change its location 

with respect to some additional searching organisms 

randomly selected from the cluster and join the 

disruption. The following is the suggested scientific 

interpretation of the rabbit’s diversion searching: 

𝑅𝑖(𝑝𝑡 + 1) = 𝑌𝑗(𝑝𝑡) + 𝑋 × (𝑌𝑖(𝑖𝑝𝑡) − 𝑍𝑗(𝑖𝑝𝑡)) +

𝑟𝑜𝑢𝑛𝑑((0.05 + 𝑣)0.5 ×) × 𝑆𝑁𝐷         (6) 

𝑋 = 𝑐 × 𝐿         (7) 

𝑐(𝑚) = {
1       𝑖𝑓 𝑚 = 𝑒(𝑙)

0           𝑒𝑙𝑠𝑒                 
 𝑎𝑛𝑑 𝑚 = 1, … , dim      (8) 

𝑒 = 𝑟𝑎𝑛𝑑𝑝𝑒𝑟𝑚(𝑑), 𝑛1~𝑁(0,1)       (9) 

𝐿 = sin (2𝜋𝑢3) × (𝑓 − 𝑓((𝑝𝑡−1)/𝑆𝑚𝑎𝑥)
2

)      (10) 

 

3.4.1.2 Asymmetric Sealing 

A rabbit will frequently dig several tunnels close 

to its nest to ensure that it has a place to hide in case it 

needs to flee from danger. In this respect, the equation 

is given. 

𝑏𝑖,𝑗(𝑝𝑡) = 𝐿𝑗(𝑝𝑡) + 𝐺. 𝐻. 𝐿𝑗(𝑝𝑡), 𝑗 = 1, … , 𝑚 𝑎𝑛𝑑 𝑖 =

1, … , 𝑑𝑖𝑚     (11) 

𝐺 =
𝑆𝑚𝑎𝑥+1−𝑖𝑟

𝑆𝑚𝑎𝑥
. 𝑢4   (12) 

Rabbits require a safe place for concealment in 

order to survive. They become deterred from selecting 

any old hole among the ones that they have to hide in 

to remain hidden as a result. The mathematical 

expression for the random hiding approach is as 

follows: 

𝑞𝑖(𝑝𝑡 + 1) = 𝐿𝑖(𝑝𝑡) + 𝐿 × (𝑣5 × 𝑏𝑖,𝑗(𝑠) − 𝐿𝑗(𝑝𝑡))     (13) 

Whenever both diversion eating and 

randomised hiding proves successful, the rabbit's 

location changes as follows: 

𝑍𝑖(𝑝𝑡 + 1) =

{
𝑍𝑖(𝑝𝑡)                          𝑓(𝑍𝑖(𝑝𝑡) ≤ 𝑓(𝑄𝑖(𝑝𝑡 + 1))

𝑄𝑖(𝑝𝑡 + 1)               𝑓(𝑍𝑖(𝑝𝑡) ≤ 𝑓(𝑄𝑖(𝑝𝑡 + 1))   
      (14) 

 

3.4.1.3 Decrease in Power 

When simulating the transition from the 

diversion foraging-related detection stage to the 

exploiting phase represented by variable hiding, an 

energy component is considered. The subsequent 

variables define the power component in the formula 

above: 

𝐵(𝑝𝑡) = 4 (1 −
𝑝𝑡

𝑆𝑚𝑎𝑥
) 𝐼𝑛

1

𝑞
    (15) 

 

3.4.2 Advanced Bidirectional LSTM 

Additionally, any NN can utilise sequencing 

data in both forward and backward directions, as per 

the ABI-LSTM approach. The forward layers 𝑦𝑠hidden 

result sequencing determines the number of samples 

for the time from index 1 to𝑠 − 1. The final result was 

encapsulated from 𝑦𝑠−1 with a time index 𝑠 − 1  till the 

completion requirement was satisfied. The input gate 

determines whether the current input 𝑃𝑠  changed 

nation, the gate that forgets 𝐺𝑠 verifies whether it was 

repaired, and the result gate 𝑃𝑠 determines whether it is 

sent to the next cell. At this point, 𝑧𝑠 is thought to be a 

possible substitute for the memory cell.  Equations (16) 

to (21) are used to calculate the current LSTM cell, 

where 𝑦𝑠 denotes the state that is hidden, It 𝑦𝑠−1 earlier 

hiding nation, 𝐽𝑠
∗ the prior result state, and 𝑦𝑠  the final 

output as defined in Equation (22). 

𝑉𝑠 = Ψ(𝑀𝑉𝑃 ∗ +𝐵𝑉𝐽𝑠 + 𝑌𝑉𝑦𝑠−1 + 𝑋𝑉)     (16) 

𝐺𝑠 = Ψ(𝑀𝐺𝑃 ∗ +𝐵𝐺 𝐽𝑠 + 𝑌𝐺𝑦𝑠−1 + 𝑋𝐺)     (17) 

𝑃𝑠 = Ψ(𝑀𝑃𝑃 ∗ +𝐵𝑃𝐽𝑠 + 𝑌𝑃𝑦𝑠−1 + 𝑋𝑃)     (18) 

𝑧𝑠 = Ψ(𝑀𝑧𝑃 ∗ +𝐵𝑧𝐽𝑠 + 𝑌𝑧𝑦𝑠−1 + 𝑋𝑧)     (19) 

𝑦𝑠 = 𝐺𝑠 ∗ 𝑦𝑠 + 𝑉𝑠 ∗ 𝑧𝑠       (20) 

𝐽𝑠 = 𝑃𝑠 ∗ 𝑡𝑎𝑛𝑔(𝑦𝑠)       (21) 
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𝐽𝑠
∗ = Ψ(𝑍1[𝐽𝑠, 𝐽𝑠] + 𝐴̃𝑧)       (22) 

In general, the sigmoid activation feature is 

used with ABI-LSTM. The Sigmoid/Logistic activating 

function which yields numbers between 0 and 1, 

accepts any real integer as an input. A mathematical 

function with a distinctive t-shaped curve, also known 

as a stochastic curve, is called a sigmoid function for 

short. Numerous sigmoid functions, such as logistic and 

hyperbolic tangent operations, have been used to 

stimulate neurons that are artificial. 

Equation (23) illustrates the appropriate 

activated function using ABI-LSTM logic. Mish is a 

novel self-regularized unconventional activated function 

that has been verified experimentally against the best 

designs and activation functions on a number of well-

known standards. It plays a crucial role in the neural 

network's development processes and effectiveness. 

𝑒(𝑐) = 𝑐. 𝑡𝑎𝑛𝑔(𝑡(𝑐))     (23) 

𝑊ℎ𝑒𝑟𝑒, 𝑡(𝑐) = 𝐼𝑛(1 + 𝑓𝑐)    (24) 

In general, a loss functional based on dense 

categories cross entropy is chosen. It generates a 

category index for the category that matches the most 

probable. Equation (25) provides the enhanced losses 

function according to ABI-LSTM. 

𝑁𝑅𝐿 = 𝑓𝑚𝑎𝑒/𝐼𝑀𝐴𝑃𝐸        (25) 

𝑓𝑚𝑎𝑒 =
1

𝐾
∗ ∑ |𝑂(𝑝) − 𝑄(𝑝)|𝐿

𝑝=1        (26) 

Where 𝑂(𝑝) represents the true value, 𝑄(𝑝) the 

expected value, and L represents the sum of the true 

and forecasted values. Usually, Equation (27) is used 

to define MAPE. 

𝑀𝐴𝑃𝐸 =
1

𝑛̃
∑

𝑂(𝑝)−𝑄(𝑝)

𝑂(𝑝)
𝐾
𝑃=1         (27) 

The suggested method bases the computation 

of IMAPE on Equation (28). 

𝐼𝑀𝐴𝑃𝐸 =
1

𝑛̃
∑

log _𝑐𝑜𝑠ℎ

𝑂(𝑝)
𝐾
𝑃=1         (28) 

𝑊ℎ𝑒𝑟𝑒, log _𝑐𝑜𝑠ℎ = ∑ log (𝑐𝑜𝑠𝑔(𝑂(𝑝) − 𝑄(𝑝)))𝐾
𝑝=1     (29) 

In addition, the overall output of the ABI-LSTM 

is shown as 𝐽𝑠
∗  indicating the classification result. In 

Figure 1, framework othe f ABI-LSTM model is shown. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Framework of ABILSTM 

3.4.3 DAR-ABLSTM 
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The advantages of both methods are used in a 

hybrid strategy that uses Advanced Bidirectional LSTM 

(ABLSTM) and Artificial Rabbit Search (ARS) for EEG 

patterns in cognitive training. ARS is used to optimize 

the identification of important EEG variables [47], 

increasing the effectiveness of the extraction of 

features. It is modeled after the interpersonal and 

inquisitive actions of rabbits. The time-dependent 

relationships in the EEG data are then modeled and 

classified using the advanced BLSTM, which processes 

patterns in both backward and forward orientations for 

improvement. The objective of this DAR-ABLSTM is to 

enhance the resilience and accuracy of identifying 

patterns in cognitive instruction. Algorithm 1 represents 

the DAR-ABLSTM algorithm. 

Algorithm 1. DAR-ABLSTM algorithm 

Step 1: Initialize rabbit population P with random 
solutions 

Step 2: Evaluate fitness of each rabbit in P 

Step 3: Define ABLSTM architecture (input_size, 
hidden_size, output_size, etc.) 

Step 4: Initialize ABLSTM model 

Step 5: for each generation do for each rabbit i in 
population P do Update position of rabbit i using 
dynamic artificial rabbit search algorithm Evaluate 
fitness of updated rabbit I If fitness(new_position) 
>fitness (current_position) then 

current_position = new_position 

Select top rabbits based on fitness 

Step 6: end for 

Step 7: Preprocess EEG signals (filtering, artifact 
removal, normalization, etc.) 

Step 8: Split data into training and testing sets 

Step 9: Transform data into sequences suitable for 
LSTM input 

Step 10: for each epoch do 

for each batch in training data do 

Forward pass through ABLSTM 

Compute loss (e.g., cross-entropy loss) 

Backward pass to compute gradients 

Update model weights using optimizer 

end for 

Step 11: end for 

Step 12: Predict on testing set using trained ABLSTM 

Step 13: Compute evaluation metrics (accuracy, 
sensitivity, specificity, etc.) 

Step 14: Print evaluation metrics 

Step 15: Visualize performance (optional) 

 

3.4.4 Cognitive Evaluations  

Two kinds of cognitive evaluations were 

assessed. There are memory tests and Positive and 

Negative Affect Scheduling (PANAS). 

 

3.4.4.1 Memory test 

Automatic Working Memory Analysis (AWMA), 

an electronic instrument for evaluating functioning and 

short-term memory, was used to administer a memory 

test. Featuring a user-friendly interface, AWMA is 

intended to give teachers and researchers a useful and 

practical means of screening their students for serious 

working memory issues. There were two different kinds 

of verbal short-term memory tests. Word recall comes 

first, followed by digit recall in second place. Applicants 

in the digits remember test must listen to an assortment 

of integers and then correctly recall each one in the 

correct order. The only difference between word recall 

and digit recall is that phrases are heard and recalled, 

whereas numbers are ignored. 

Verbal memory work tests were divided into 

two categories: listening recollection as well as listening 

recollection procedures. In hearing recall, the subjects 

must confirm if an assortment of spoken phrases is true 

or untrue and must also remember the last word in 

each sentence in order. The speed at which replies 

were produced during the hearing recall assignment is 

an indicator of the listener recall process. In the 

spatially recall test, participants are shown a 

succession of shapes and must mentally control the 

objects to recall the order in which they should be 

placed. The speed at which responses to the spatial 

memory test are made is measured during the 

processing stage. 

 

3.4.4.2 PANAS 

The PANAS is a 16-thing self-reported 

measure that evaluates both positive and negative 

effects. Subjects' self-reported data are used to 

measure their emotions and thoughts (good or 

negative) as time pass as part of a psychological study. 

Eight positive and negative sentiments were identified 

from a set of sixteen things. Positive emotions include 

excitement, curiosity, strength, alertness, inspiration, 

determination, attentiveness, and activity. Negative 

emotions include anxiety, fear, nervousness, 

embarrassment, irritability, anger, upset, and guilt. 

Following completion, the individuals are instructed to 

assign a 5-point rating to each emotion they 

experienced throughout that allotted period. 

 

3.4.5 Statistical analysis 

A matched samples t-test was a cognitive 

memory test that used SPSS software to examine 

positive and negative subjective factors as well as 

spatial recall, digit recall process, listening recall, digit 

recall, and listening recall process. 
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4. Result Analysis 

In this section, we evaluate the t-test for the 

memory test and PANAS. First, we used 5 subjects 

both pre and post to evaluate the five memory recall 

tests such as listening, digital, process of listening, 

spatial, and process of spatial. Then we utilize eight 

positive and negative emotions to measure PANAS. 

Finally, we compare our proposed method (DAR-

ABLSTM) with existing method, spectral features 

basedCNN (CNN-SF), temporal CNN (CNN-T), spectral 

CNN (CNN-S) and LSTM). 

 

4.1 Memory Recall Test 

Figure. 2 and Figure. 3 represents the 

performance of five recall tests for six subjects. 

According to this performance, no significant changes 

happened pre- and post-testing in both recall tests. 

Table 2 represents the mean and standard deviation 

(SD) values.  

 

4.2 Outcome of PANAS 

Figure. 4 displays the outcomes of eight 

positive emotions. In the figure, attentiveness and 

curiosity have slightly increased post compared to pre-

testing. 

 

 

Table 2. Values of the memory test 

Name of recall Pre (Mean ±SD) Post (Mean ±SD) 

Digit 95.01±12.46 94.99±12.64 

Listening 99.24±19.29 99.90±17.39 

Process of Listening 80.01±3.48 82.79±3.54 

Spatial 100.24±17.67 99.54±17.06 

Process of spatial 99.14±17.29 99.87±17.31 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Performance of memory test (a) Digit (b) listening (c) Process of Listening 
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Figure 3. Performance of memory test (a) Spatial (b) Process of spatial 

Figure 4. Outcomes of PANAS test (a) Positive emotion (b) Negative emotion 

Table 3. Values of accuracy and F1-score 

Methods Accuracy (%) F1-score (%) 

CNN-SF 94.08 93.62 

CNN-T 71.09 68.71 

CNN-S 92.38 91.84 

LSTM 76.78 76.08 

DAR-ABLSTM [Proposed] 97.01 95.72 

 

On the contrary, determination, excitement, 

strength, alertness, inspiration, and activity have no 

changes in both tests. 

The proposed recognition model is 

implemented in Python software. We evaluate and 

compare the performance of methods based on 

parameters such as sensitivity (%), accuracy (%), F1-

score (%), and specificity (%).  
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Figure 5. Performance of accuracy and F1-score 

 

Table 4. Values of sensitivity and specificity 

Methods Sensitivity (%) Specificity (%) 

CNN-SF 92.7 95.31 

CNN-T 70.71 71.35 

CNN-S 91.98 92.6 

LSTM 80.72 73.18 

DAR-ABLSTM [Proposed] 94.53 96.62 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.  Evaluation of sensitivity and specificity 

Accuracy measures the model's capacity to 

effectively identify and distinguish between 

extraordinary cognitive states or training results as 

indicated by the EEG signals. The F1-score is the 

integrated mean of recall and precision, ensuring that 

both false positives and false negatives are accounted 

for. Fig. 5 and Table 3 represent the performance of 

accuracy and F1-score. The existing method (CNN-SF, 

CNN-T, CNN-S and LSTM) attained accuracy (94.08%, 

71.09%, 92.38% and 76.78%), F1-score (93.62%, 

68.71%, 91.84% and 76.08%) and our proposed 

method DAR-ABLSTM attained accuracy (97.01%) and 

F1-score (95.72%). When compared to existing 

methods, our proposed method outperformed.  
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Sensitivity measures how effectively the 

version detects applicable EEG patterns that 

correspond to successful cognitive results. Specificity 

evaluates how effectively the method avoids false 

positives by efficiently identifying times when there is 

no relevant EEG sample associated with cognitive 

training. Fig. 6 and Table 4 display the evaluation of 

sensitivity and specificity. The existing method (CNN-

SF, CNN-T, CNN-S and LSTM) scored sensitivity 

(92.7%, 70.71%, 91.98% and 80.72%) and specificity 

(95.31%, 71.35%, 92.6% and 73.18%). When 

compared to the existing method, our proposed method 

DAR-ABLSTM scored sensitivity (94.53%) and 

specificity (96.62%). Regarding these outcomes, our 

proposed method has superior performance to the 

existing method.  

 

5. Discussion 

The DAR-ABLSTM model combines the 

Artificial Rabbit Search algorithm's ability to optimise 

metaheuristics with Bidirectional LSTM's ability to 

model temporal sequences. This enables the dynamic 

selection of features and the learning of more insights 

from complex EEG data [48]. This hybridisation gives it 

a clear edge over traditional deep learning methods 

because it optimises hyperparameters on the fly, which 

leads to better performance metrics: 97.01% accuracy, 

94.53% sensitivity, 96.62% specificity, and a 95.72% 

F1-score. Even though these results are encouraging, 

there are some problems that need to be fixed. The 

dataset was restricted to healthy individuals, indicating 

the necessity for extensive validation across clinical 

populations, including patients with cognitive 

impairments or stress-related disorders. Adding 

multimodal datasets, like physiological or behavioural 

signals [49], could also make classification more 

reliable and applicable to more situations.   In short, the 

proposed DAR-ABLSTM model holds considerable 

promise for enhancing automatic EEG pattern 

recognition and cognitive training evaluation. Its high 

accuracy and ability to learn on its own are important 

steps toward intelligent neuroinformatics systems that 

can monitor and train cognitive skills in real time. 

 

6. Conclusion 

Brain electrical activity is represented by 

patterns on an electroencephalogram (EEG). They 

provide light on how the nervous system works, which 

helps in the diagnosis of diseases like seizures, 

insomnia, and brain traumas. This work aims to 

develop a novel approach for cognitive training that 

uses machine learning (ML) to recognise EEG patterns. 

In this paper, we introduce a dynamic artificial rabbit 

search-driven advanced bidirectional long short-term 

memory (DAR-ABLSTM) for strong EEG pattern 

categorisation in cognitive training activities. EEG 

recordings from 50 healthy participants were acquired 

both during and following a five-week programme of 

cognitive training. The collected raw signal data is pre-

processed using a signal-processing method. As a 

result, we evaluate two cognitive tests: a memory test, 

which consists of five recall tests using six subjects, 

and a PASAS test, which assesses eight positive and 

negative moods. After that, we evaluated the 

effectiveness of the suggested approach and 

contrasted it with the existing method based on metrics 

such as F1-score (95.72%), sensitivity (94.53%), 

accuracy (97.01%), and specificity (96.62%). When 

compared to the existing method, our proposed method 

outperformed.  

 

6.1. Limitation and future scope 

The 50-person sample size may limit the 

applicability of the results to larger and more diverse 

groups. By enabling quick modifications based on the 

identification of EEG patterns, this integration may 

boost adaptive learning and pave the way for more 

successful cognitive enhancement and rehabilitation 

techniques. Furthermore, extending the model's 

usefulness and resilience could involve examining how 

well it works in various demographics and cognitive 

contexts. 
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