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I. INTRODUCTION

With the advent of technology, the utilization of mobile phones has witnessed a surge across all age groups. Research has
revealed that social networking applications offer users shorter material and can significantly increase their dopamine levels [1]. The
floods of dopamine induced by these spikes lead individuals to develop an addiction to rapidly consuming stuff, so negatively
impacting their capacity to sustain and concentrate on specific jobs for prolonged durations and acquire new knowledge. It is vital to
evaluate the cognitive involvement of an individual when performing various jobs. This will help us determine their degrees of
attentiveness to different cognitive focus requirements.

Within the realm of education, the ability to discern pupils” degrees of concentration during the acquisition of new knowledge
might potentially enable us to intervene to sustain their attention [2]. The concentration level of students can be inspected by examining
their eye contact, body language, and response to a question or communication feedback [3]. The concentration examination techniques
are subjective and can be influenced by the student’s mood or the external environment. Additionally, different students may have
different concentration indicators, so applying one metric to all students will be accountable for inconsistency. It isn’t easy to manually
assess the concentration level of a student while performing any cognitive task.

To address these issues, a data-driven, objective process is needed to assess concentration levels. EEG is a promising solution
for quantifying cognitive focus and engagement [4]. EEG captures electrical signals caused by neuronal communication in the brain,
representing the fine-granular, real-time cognitive states. Initially, the EEG device is used for medical diagnosis, for example, for
diagnosing epilepsy [5], Parkinson’s disease [6], Alzheimer’s disease [7], sleep disorders [8], and emotion detection [9], [10]. EEG is
now being seriously examined in non-medical fields, such as in education [11-13], human-computer interfaces [10], and cognitive
workload estimation [14], [15].

The success of previous studies in classifying cognitive states [14], human emotions [9], and comprehension levels [11], [16]
in learning exercises using EEG signals is a proven track record. Cognitive engagement is directly linked to brain activity; EEG can
provide a more timely and accurate reading of levels of focus than a test of behaviour [17]. When humans perform different cognitive
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efforts, corresponding EEG patterns have different properties [16]. The complexity of EEG signals makes them challenging to analyze,
as they are highly non-linear, multi-dimensional, and susceptible to noise. Although traditional machine learning algorithms have been
proven capable of doing well in cognitive state classification based on EEG, it is hampered by their hand-engineered feature
dependency [18]. The feature engineering process in analyzing EEG is traditionally complex and domain-specific, making scaling
difficult.

The traditional algorithms also struggle to capture deep hierarchical representations in EEG signals [19], leading to a non-
optimal outcome in concentration prediction. Deep learning is a revolutionizing tool for processing EEG signals, overtaking traditional
machine learning algorithms [19]. The combined usage of ANNs and LSTMs in a joint model is highly accurate in cognitive state
decoding, making it highly suitable for predictive levels of concentrations [16]. The intersection of deep learning and the processing of
EEG signals is opening new paths for real-time monitoring of concentrations in learning, workplaces, and clinics [20]. In online
learning contexts, EEG-based prediction of concentration can support adaptive learning systems reacting in a timely manner to learners’
cognitive states [11-13], [21].

By identifying periods of lower levels of attention, one can adopt a smart tutoring system for teaching and improve the
motivation and retention of the students. In occupational contexts, EEG-based concentration monitoring can enhance productivity by
making tailored suggestions for inter-burst periods, task reconfigurations, and workloads [22], [23]. Additionally, in clinical contexts,
prediction of levels of concentration can assist in diagnosing, in an early stage, attention-related diseases such as Attention-
Deficit/Hyperactivity Disorder (ADHD), allowing for directed treatments for enhanced cognitive well-being [24], [25]. While it is
potentially valuable, several challenges exist for EEG-based concentration prediction. The signals in an EEG can vary significantly
between different individuals, necessitating robust feature extraction algorithms and adaptation in a specific domain [26], [27].
Computative efficiency is critical for real-time usage, especially for a wearable EEG device [28].

Transfer learning, data augmentation, and attention mechanisms have been tried to enhance a model’s adaptability and
generality in different populations [12], [21]. This study examines the EEG data collected during five different tasks. Each of these
activities necessitates different degrees of cognitive involvement from an individual, necessitating differing amounts of concentration
[12]. We employ deep learning algorithms to categorize these signals according to their concentration categories. The rest of the article
is organized in the following sections: The related work in detailed and background about the several terminologies used in the
experiment is described in section 2, followed by a detailed description of the methodology in section 3. The performance measures
used for the described methods are in section 4. The results of the proposed methodologies are discussed in section 5, and finally, the
article concludes in section 6.

Il. RELATED WORK AND BACKGROUND

This section reviews previous research work using EEG signals to predict concentration, attention level, and cognitive load
using deep learning algorithms. The authors [19] presented a comprehensive review of recent advancements in deep learning
methodologies for classifying EEG signals. The paper also elucidated the efficacy of various deep learning architectures, including
ANN, CNN, LSTM, and MLP, in the processing and analysis of EEG data and compares deep learning approaches with the traditional
machine learning techniques, highlighting the superior accuracy and efficiency achieved through deep learning in EEG classification
tasks. The authors [16] preferred EEG recordings to classify students’ cognitive states during learning activities automatically. The data
preprocessing techniques included noise reduction and artefact removal from raw EEG signals, followed by feature extraction using
summary statistics from various frequency bands.

Several classification algorithms were used in the study, with logistic regression serving as the primary technique for model
training. These algorithms include local models, global models, and multi-task learning approaches. According to the data, global
models—which take into account more contextual information—predict recall levels more accurately than local models, which predict
concentration levels with an accuracy of 91.88%. To address the impact of distractions on cognitive performance, the authors used EEG
signals to classify human concentration levels [21], [29]. The dataset comprises brain signals collected using an EEG device from
individuals in both relaxation and concentration states. This data was preprocessed using high-pass filtering to eliminate low-frequency
noise and segmentation of signals into the delta, theta, alpha, and beta frequency bands.

Statistical features were calculated using the PyEEG library to extract features. The classification of concentration levels is
executed using the Support Vector Machine (SVM) algorithm with a radial basis function (RBF) kernel, achieving an overall accuracy
of 84% to classify EEG signals into low and high concentration levels. The research findings of [30] suggested that effective brain-
machine interfaces can be developed for distinguishing mental states, even with inexpensive EEG devices. The authors used a low-cost,
toy-grade EEG device to collect EEG signals to classify relaxed and concentrated mental states. Data was preprocessed by converting
raw EEG signals into time-frequency representations and aggregating spectral components into EEG bands such as alpha, beta, and
gamma.

The SVM and multilayer feedforward neural networks (BPNN) classification algorithms were preferred in the study.
Experimental results demonstrated that using features from the combined alpha, beta, and gamma bands with a bandwidth of 4Hz yields
an average accuracy exceeding 80% across subjects, with some individuals achieving accuracies above 90% using the SVM classifier.
The authors put forward a strong correlation between students” concentration levels and learning outcomes by analysing brain signals
captured by an EEG device [31], [32]. The brain wave data was collected from junior high school students performing cognitive tasks,
specifically the Culture Fair Intelligence Test (CFIT) and the Indonesian Competency Test (CT). EEG signals were extracted using Fast
Fourier Transform (FFT) followed by normalization to standardize the data range.

The study used the K-Nearest Neighbor (KNN) algorithm, with a K-value of 5 for identifying patterns in the extracted data and
reports an impressive classification accuracy of 94.59% to classify concentration levels. The classification accuracy was evaluated
using K-Fold Cross Validation with a K-value of 11. The study by [22] investigated young adults’ (ages 18-30) cognitive activity and
concentration levels using EEG data. At the same time, participants performed I1Q tests based on the Standard Progressive Matrices
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(SPM). The data preprocessing involved signal reduction and filtering beta waves in the frequency range of 13-30Hz to enhance the
data quality. The classification of concentration levels was performed using the k-nearest Neighbor (KNN) algorithm into three
categories: high, medium, and low. The model achieved an accuracy of 70%, providing insights into the correlation between brain
activity and cognitive performance. The paper presented by [33] gave a method for classifying EEG signals into three mental states:
relaxation, moderate, and high concentration.

The brain signals were captured using an EEG device with four electrodes and preprocessed by applying a large Laplacian
filter, a notch passive filter, and a wavelet filter. Mental states in the time domain were examined by segmenting the measured signal
into windows, from which various features are extracted. These extracted signals were utilized in machine learning algorithms to
classify the different mental states. The two-fold cross-validation method was used to evaluate the classification. A novel model tailored
for embedded systems to classify attention levels while performing specific tasks. This system used a single-channel EEG device to
capture brain signals that were subsequently increased through spectrum analysis to increase the dimensionality of the features. The
authors used simulated annealing and geometric particle swarm optimization algorithms to optimize feature selection. Classification of
mental states (concentrated or relaxed) was achieved using an SVM. Furthermore, Echo State Networks, a class of neural networks
well-suited for embedded systems, demonstrated satisfactory accuracy in meeting the model’s requirements [34].

The research paper [13] tackled the critical issue of assessing student attention in online learning, a challenge intensified by the
COVID-19 epidemic. The authors proposed a brain-computer interface (BCI) system that uses EEG data to evaluate student
involvement and attention levels. A publicly available EEG dataset was preferred, and the quick Fourier transform extracted power
spectral density (PSD) features and various attention metrics were calculated. The study encompassed three classification algorithms:
KNN, SVM, and random forest (RF), with the RF model achieving the highest accuracy of 96% in holdout validation. The method
encompassed data collection, preprocessing, feature extraction, and model training, culminating in classification performance
assessment. The results indicated that the suggested RF model successfully differentiates attention states, presenting a viable alternative
for improving online learning experiences.

The classification of normal and pathological EEG patterns using deep learning models enhanced with attention mechanisms is
investigated in the paper [26]. A systematic approach was used to preprocess EEG data to filter and normalize signals, extract time-
domain and frequency-domain features, and segment the data into frames for study. The authors tested InstaGATs, LSTM with
Attention, and CNNs with Attention against baseline models without attention mechanisms. The CNNs with Attention model has the
highest accuracy of 96.98% on the TUH EEG Seizure dataset. The research faced intrinsic noise in EEG recordings, the difficulty of
distinguishing anomalies, and the need for efficient feature extraction from varied datasets. Attention processes can improve
classification performance by stressing relevant data items and enhancing clinical EEG analysis interpretability and efficacy. Attention-
enhanced deep learning models can significantly improve EEG classification tasks, enabling more robust implementations in real
applications.

11.1 BACKGROUND
11.1.1 EEG Device

The neuron is the smallest unit of the human brain. Electric signals are generated when neurons communicate with each other.
An electroencephalogram is a device used to capture the electrical signals generated by neurons in the brain. These electrical signals are
recorded with the electrodes of an EEG device. With the help of electric signals captured by EEG devices, abnormal changes in the
brain can be detected, which is why EEG devices are widely used in the medical sector to diagnose brain-related diseases such as
epilepsy, sleep disorders, and so on. In recent years, EEG devices have also been utilized in the education sector to solve various
research problems, such as determining attention levels, mental engagement, and cognitive load. This study uses a MUSE EEG device
to record brain wave data while performing various cognitive tasks. This device has four electrodes named FP1 and FP2, located in the
frontal lobe of the brain, and TP9 and TP10, located in the parietal lobe of the brain, as shown in Figure 1.
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Figure 1: MUSE EEG Device.
Source: Authors, (2026).
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Table 1: Types of Brain Waves.

Types of Wave | Frequency (Hz) Task
Delta 0.5-4 Deep sleep
Theta 4-8 Relaxing or meditating
Alpha 8—12 Just after woke up and before going to sleep
Beta 12 - 35 Routine work
Gamma > 35 Deep concentration on some task or doing cognitive activity

Source: Authors, (2026).
11.1.2 EEG Signals

Five different types of brain waves are emitted by the brain and recorded using an EEG device, as shown in Table 1. Delta and
theta waves are small amplitude waves emitted, implying an individual’s deep sleep or relaxation. Their frequency ranges from 0.5Hz
to 8Hz. These waves are produced in large quantities as compared to other types of waves while doing tasks such as relaxing with
closed or open eyes, browsing the internet, and so on. When humans are in partial sleep, waking up, or transitioning into a deep sleep
state, the brain emits alpha waves with a frequency range of 8Hz to 12Hz. The beta and gamma waves indicate high cognitive activity.
Their frequency range is 12Hz to 35Hz and >35Hz, respectively. Among all the waves, gamma and beta waves are produced in large
quantities with more intensity while doing high-concentration tasks such as doing arithmetic calculations or reading technical articles.

Data Collection Data Preprocessing
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Figure 2: Flowchart Diagram of the Proposed System.
Source: Authors, (2026).

Il. METHODOLOGY

The proposed methodology for predicting concentration levels utilizing EEG signal inputs and deep learning algorithms is
presented in Figure 2. The procedure has four major phases: Data Collection, Data Preprocessing, Deep Learning Models, and Output
Classification. Data collection refers to the methodology employed in acquiring the necessary brain wave data for forecasting
concentration levels using an EEG device, the parameters included in the dataset, the number of features present, and the associated
concentration levels for each recorded instance. The subsequent phase is data preprocessing, which involves preparing the data as input
for deep learning algorithms. The process entails cleaning the data to eliminate redundant data, correlation analysis to identify pertinent
features for predicting their target variable, feature scaling to prevent bias in weight assignment during deep learning model training,
and one-hot encoding for the transformation of the target variable. The subsequent phase involves training various deep learning
models—ANN, LSTM, and GRU—and evaluating their accuracies on test data to assess their performance on unknown data. The data
input for these algorithms is categorised into four distinct classes: high concentration, medium-high concentration, medium-low
concentration, and low concentration.

Table 2: Concentration Level for Corresponding Tasks.

Task Concentration Level
Performing Arithmetic Calculations High

Reading Technical Articles, listening to technical podcasts | Medium-High
Reading the transcripts Medium-High
Browsing the Internet Medium-Low

Just sitting there, eyes open or closed Low

Source: Authors (2026).
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111.1 DATA COLLECTION

The dataset used for predicting an individual’s concentration level during activities of varying levels of attention is shown in
Figure 3. An individual wears the Muse EEG device on their scalp while participating in five activities. Table 2 gives the activities’
details and associated concentration levels. The EEG device has four electrodes, to which we assign the numbers 0, 1, 2, and 3. Five
different types of brain waves—delta, theta, alpha, beta, and gamma—are captured from each electrode while performing each task.

The captured brain waves are labelled with their names and subscripted with the electrode number to neatly identify the
features in the dataset. For instance, if electrode O captures waves in the frequency range of 0.5 to 4Hz (delta wave frequency), we will
refer to that frequency as “delta0”. In this way, all 20 features (five types of brain waves from each of the four electrodes) in the dataset
are captured by an EEG device and labelled according to the given method. For each record, the concentration level (low, medium low,
medium high, and high) has been assigned as shown in Table 2. This dataset serves as the basis for identifying an individual’s cognitive
engagement.
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Figure 3: Data Collection Process.
Source: Authors, (2026).

111.2 DATA PREPROCESSING

Data preprocessing is the most crucial step after data collection and before applying any deep learning algorithm. The
following four steps are performed to prepare the collected brain wave data in the required format to provide as input to the algorithms.

a) Data Cleaning: When an EEG device’s electrodes capture brain wave data, there is a strong possibility that eye movements or
even slight head movements could introduce noise into the data. Eliminating that noise is important before going ahead to ensure the
correct predictions. The integrated software on the device has already removed noise from the collected dataset.

b) Correlation Analysis: Correlation analysis involves finding the direct relationship between the target variable and the input
features of the dataset. There are two types of correlation: positive correlation, which means if input features are increasing, then the
value of the target variable will also increase, and vice-versa. Another type is negative correlation, which means if input features are
increasing, then the value of the target variable will decrease, and vice versa. In the current study, the target variable is an individual’s
concentration level, while the input features are five types of brain waves captured from four electrodes. Correlation analysis proves no
positive or negative correlation between the input features and target variables.

c) Feature Scaling: Due to the varied frequency ranges in brain wave data, deep learning models might give greater importance
to higher-magnitude values during training and less importance to lower-magnitude ones. To address this possible bias, a scaling
approach is used to normalize the data by adjusting each feature’s minimum and maximum values to 0 and 1, respectively. The
following formula will calculate the new scaled value:

@

Xscaled =

This formula normalizes the values of all features. This process ensures that all features are treated equally, preventing
magnitude-based bias in the training process.
d) One Hot Encoding: The concentration level feature is converted using one-hot encoding, a technique that transforms
categorical data into numerical arrays with a length equal to the number of unique categories as stated by [12]. For this case, we have
four distinct categories of concentration levels, i.e., High concentration, Medium high concentration, Medium low concentration, and
Low concentration, resulting in an array length of four.
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This procedure produces binary vectors, in which the element matching the appropriate class is assigned a value of one while
all other elements are set to zero. For example, if we had a brain wave record that indicates high concentration during a task, the
corresponding one-hot encoded array would be [1 0 0 0], where 1 will denote the current record is for the High concentration level task,
and other classes will be set to 0. In this way, brain wave records are encoded using one-hot encoded arrays and then used as input for
future processing and analysis.

111.3 DEEP LEARNING ALGORITHMS

Preprocessed data is provided as input to three deep learning algorithms: Artificial Neural Network (ANN), Long Short-Term
Memory (LSTM), and Gated Recurrent Unit (GRU). All the models use one input layer, three hidden layers, and one output layer. The
output layer contains four neurons and uses the softmax activation function, which is best for multiclass classification problems. All
three models are trained with 70% and tested on 30% of the data. A categorical cross-entropy loss function is used since predicting the
concentration level is a multi-class classification problem. To update the weights while training these models, the Adam optimizer is
used as an optimization algorithm instead of the classical stochastic gradient descent procedure.

a) Avrtificial Neural Network (ANN): The neuron is the fundamental component of an Artificial Neural Network (ANN). ANN
consists of several linked neurons that process information by applying weights and activation functions. Each time the neuron receives
an input, a random weight is assigned to that value, which shows the significance of that value in the prediction process. Subsequently,
all the data is combined and given to an activation function. This activation function introduces non-linearity in the data. Lastly, the
output is computed. The error is backpropagated, and the weights are modified based on the difference between the calculated and
actual output to minimize the difference. The accuracy of an ANN increases as the difference decreases. The preprocessed data of the
brain waves is given as input to the ANN to predict the concentration level while doing different cognitive tasks. The architecture of the
ANN model is illustrated in Figure 4. The input layer of the ANN consists of 12 neurons and employs the ReLU activation function. It
features three hidden layers with 128, 256, and 128 neurons, each utilizing the ReLU activation function. The output layer comprises
four neurons, which classify the data into four different concentration classes and use the softmax activation function, which is optimal
for multiclass classification tasks.
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Figure 4: Architecture of Proposed Artificial Neural Network.
Source: Authors, (2026).

b) Long Short Term Memory (LSTM): Brain wave data refers to the frequency of electrical activity recorded over time, similar
to time series data. Recurrent neural networks do well in processing time series data, but cannot learn long-term dependencies. LSTM
networks are a specific form of recurrent neural networks that successfully overcome this drawback. The fundamental structure of
LSTM includes the cell state, the input gate, the output gate, and the forget gate. The cell state is the central part of the LSTM network,
which stores long-term dependencies and decides which information to let go of and which information to send for further analysis. The
other three gates regulate the flow of information: the input gate admits new data, the output gate outputs the information, and the forget
gate erases redundant data. The LSTM network uses the truncated backpropagation of error to enhance its accuracy and train it to
understand long-term data dependencies. The architecture of the LSTM has been illustrated in Figure 5.

It consists of three LSTM layers, each containing 128, 256, and 128 neurons. The activation function used in these layers is the
Rectified Linear Unit (ReLU). The input comprises preprocessed and reshaped data that is suitable for LSTM cells. After undergoing
additional processing through three LSTM layers, the data ultimately reaches the output layer, which consists of four neurons for each
concentration level class. The softmax activation function is employed as it is the most suitable choice for multiclass classification
tasks.
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Figure 5: Architecture of Proposed Long Short-Term Memory.
Source: Authors, (2026).

c) Gated Recurrent Unit (GRU): GRUs is a kind of RNN that addresses the limitations of LSTM networks and traditional
RNNs. Unlike LSTM, which is a cell state, the basic unit of GRU is the hidden state. Compared to LSTM, the GRU has fewer gates.
The gates include the reset gate, which forgets redundant information, and the update gate, which balances past information and new
important data for longer. Due to its reduced number of gates and parameters, the GRU model can be trained more quickly than the
LSTM. The architecture of the GRU model has been illustrated in Figure 6. It consists of one input layer, three dense GRU layers, each
containing 128, 256, and 128 neurons, and the output layer, which consists of four neurons for each concentration level class. The
ReLU is the activation function in these layers. The input comprises preprocessed and reshaped data that is suitable for GRU cells.
After undergoing additional processing through three GRU layers, the data ultimately reaches the output layer, where the softmax
activation function is employed because it is the most suitable choice for multiclass classification tasks.
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Figure 6: Architecture of Proposed Gated Recurrent Unit.
Source: Authors, (2026).

IV. PERFORMANCE MEASURES

Performance evaluation ensures the proposed methodology’s efficiency, validity, and applicability. The proposed models are
evaluated using the following metrics.

a) Confusion Matrix: A confusion matrix is a crucial performance evaluation tool that encapsulates the accuracy of a
classification model. It helps to determine where our model underperforms when differentiating between classes. The matrix
enumerates the counts of true positives (TP), which reveals how frequently a model accurately identifies a positive sample as positive;
true negatives (TN), which means the frequency with which a model labels a positive sample as negative; false positives (FP), which
indicate how frequently a model wrongly labels a negative sample as positive; and false negatives (FN), which reflects how often a
model accurately labels a positive sample as Negative. According to data analysis, these four categories can be specified for the high
concentration class as follows: TP refers to the number of instances in which the recorded brain waves indicative of high concentration
were accurately classified by proposed algorithms.
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TN relates to cases where the proposed algorithms accurately predict brain wave recordings classified as non-high
concentrations belonging to other categories, such as medium-high, medium-low, or low concentrations. FP denotes false positives,
indicating the frequency of brain wave records that belong to different classes but are incorrectly classified by the proposed system as
belonging to the high-concentration class. FN denotes false negatives, indicating the frequency of brain wave recordings associated with
high-concentration tasks misclassified as belonging to concentration classes other than high-concentration activities when processed by
the proposed system. Specifically, a confusion matrix is an N x N matrix employed to assess the performance of a classification model,
where N denotes the total number of target classes. It compares the actual values of the target class in the dataset with the predicted
target class by the proposed model; if both match, then the prediction is correct; otherwise, it is not. It helps to identify how well our
classification model performs and what kinds of errors it makes.

b) Accuracy: Accuracy metrics provide insight into how well the proposed model classifies a specific data set into the
appropriate class. Accuracy is calculated as the percentage of accurate predictions over all other predictions.

TP + TN
TP + TN + FP + FN

(2)

Accuracy =

Equation 2 provides the formula for calculating accuracy and finds the per centage of correctly classified brain wave records to
each class among all the predictions.
c) Precision: Precision measures the percentage of true predictions within all positive predictions. The proportion of accurately
categorized positive samples (TP) to the total number of positively classified samples (either correctly or incorrectly) is known as
precision, as given in Equation 3.

Precisi L 3
recision = 5 TP €))

Regarding the classification problem, precision is the rate at which the proposed model accurately classifies a given brain wave
record to the actual concentration class. The precision value increases as the number of FP decreases. FP refers to the number of records
that do not belong to a specific class but are falsely classified as belonging to that class. FP increases when the model has not accurately
learned the parameters to detect records that do not belong to the current class. That is why the model erroneously classifies the brain
record as positive. Increased precision indicates that the model has effectively learned the parameters that allow it to classify records
accurately, distinguishing which belong to a specific class.

d) Recall: The recall is determined as the proportion of correctly identified positive samples, i.e., TP to the total number of actual
positive samples, which encompasses both TP and those that are positive but incorrectly identified as negative (FN), as given in
Equation 4 as shown below:

TP

Recall = TP+—FN (4)

The recall value increases as the FN decreases. FN represents the count of records that belong to a specific class but are
misclassified as belonging to another class. FN will increase when the model has not accurately learned the parameters necessary to
identify data belonging to the current class. That is why the model erroneously categorises the brain record as negative. A higher recall
indicates the model has not effectively learned the parameters to classify this data into the right class.

e) F1 Score: The F1 Score, defined as the harmonic mean of precision and recall, offers a consolidated metric that integrates
precision and recall, thus equilibrating the trade-off between these two measures. The formula to calculate the F1 Score using precision
and recall is given in Equation 5.

Precision * Recall

F1S =2 5
core * Precision + Recall ®)

Since FP influences precision, and FN influences recall. Evaluating both precision and recall when computing the F1 Score
enables one to assess the model’s capacity to identify FP and FN. As the number of data points for each class differs in an unbalanced
dataset, the proposed model must discern the parameters that accurately classify each record as belonging or not belonging to a specific
class. If precision is the sole performance indicator, the model’s capacity to accurately identify positive records may be overlooked. On
the other hand, focusing solely on recall could hinder the model’s capacity to identify bad records. Both features are essential for an
effective model. The F1 Score is an excellent indicator for assessing model performance, as it mitigates the substantial bias inherent in
precision and recall.

V. RESULT ANALYSIS AND DISCUSSION

This section presents the results of implementing deep learning methods for predicting concentration levels, demonstrating
how an individual engages cognitively in different attention activities. The dataset has 20 features, including five unique brain wave
frequencies, each recorded from four electrodes. The data set undergoes data preprocessing, which includes cleaning, correlation
analysis, feature scaling, and one-hot encoding of the target variable. After this, the dataset is fed into three deep-learning algorithms to
predict concentration levels in four categories. The preprocessed dataset is partitioned into two subsets, with 70% of the data utilized for
training the model and the remaining 30% used for evaluating its performance.
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The models, including ANN, LSTM, and GRU, are trained for 200 epochs using different batch sizes. The ANN model uses a
batch size of 5, the LSTM model uses a batch size of 64, and the GRU model uses a batch size of 32. The additional parameters for
training these models are specified in Table 3. The performance of models is evaluated using various measures, including accuracy,
precision, recall, and F1 Score.

Table 3: Parameter values used to train deep learning models.

Parameter Values
Optimizer Adam
Loss Function Categorical Cross-entropy
Metric Accuracy
Epoch 200

Source: Authors (2026).

Figure 7 shows that ANN’s training and testing accuracies steadily increase up to 50 epochs. After that, although there is an
increase in training accuracy, the testing accuracy shows only a slight improvement. In the case of LSTM, both the training and testing
accuracies show fluctuations until the 125th epoch. However, after this point, the testing accuracy remains constant, regardless of the
continued increase in training accuracy. The GRU model consistently improves training accuracy up to 100 epochs, whereas testing
accuracy remains relatively stable. The ANN, LSTM, and GRU models demonstrate overfitting of the data at epochs 50, 125, and 50,
respectively.
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Figure 7: Training and Testing Accuracy of Deep Learning Algorithms.
Source: Authors (2026).

The same phenomena are observed from the loss graphs in Figure 8. The training and testing loss for ANN reduces up to 50
epochs, LSTM up to 125 epochs, and GRU up to 100 epochs. However, after that point, only the training loss decreases while the
testing loss increases, suggesting that the models are overfitting the data. Figure 9 compares the classification accuracy of algorithms
ANN, LSTM, and GRU. The ANN achieves maximum accuracy, which is 65.63%, followed by LSTM, which is 59.67%, and GRU
networks, which is 45.39%.
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Figure 8: Training and Testing Loss of Deep Learning Algorithms.
Source: Authors (2026).

The imbalance of the data set, as indicated in Table 4, compromises the reliability of accuracy as a sole metric for assessing the
performance of deep learning models. There is a need to determine the model’s ability to correctly classify the major class (containing a
more significant number of records) and the minor class (containing a smaller number of records). The accuracy of the models for each
class is provided in the confusion matrix for each deep learning technique mentioned in Table 5. The confusion matrix indicates that the
ANN model exhibits a higher count of TP and TN than the LSTM and GRU models. Precision verifies the model’s quality, determining
the accurate classification of positive samples from the total number of positive samples.

Page 679



ITEGAM-JETIA, Manaus, v.12 n.57, p. 671-683, January/February, 2026.

As depicted in Figure 10a, the ANN model exhibits marginally superior precision to the LSTM network for the low and
medium high concentration classes. Conversely, the LSTM network demonstrates higher precision than the ANN for the high and
medium low concentration classes. Recall is a measure of quantity that identifies the number of correctly classified positive samples
from the total number of positive samples. A model with a high recall value will yield more relevant results. Based on the data
presented in Figure 10b, it is evident that ANN exhibits superior performance in tasks involving high and medium-high concentrations.
On the other hand, LSTM networks demonstrate better performance in tasks involving low concentrations. ANN and LSTM networks
exhibit similar recall values for tasks involving medium-low concentrations.

Table 4: Number of records for each concentration level class.
Class No. of Records
High Concentration 3410
Medium_High Concentration | 501
Medium_Low Concentration 909
Low Concentration 2423

Source: Authors, (2026)
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Figure 9: Comparison of Accuracies of Deep Learning Algorithms.
Source: Authors, (2026).

Support is a measure of the class frequency that appears in the dataset. Due to the imbalance in the dataset, which can be seen
in Figure 10d, the precision and recall values are likely to be biased. To address this issue, the F1 Score metric, the harmonic mean of
precision and recall, is computed to measure the model’s overall performance. Figure 10c shows that the ANN model has a higher F1
Score for high and medium high concentrations classes than other models. For low and medium low concentration classes, LSTM
networks have a slightly higher F1 Score than ANN.

Table 5: Confusion Matrix of Deep Learning Algorithms.

Algorithm True Value Predicted Value
High | Medium High | Medium Low Low
ANN High 575 38 27 74
Medium High 36 32 8 19
Medium_ Low 32 13 56 77
Low 117 11 46 288
LSTM High 547 34 44 209
Medium High 53 22 10 34
Medium Low 27 10 100 96
Low 114 18 60 380
GRU High 430 6 45 353
Medium High 44 1 9 65
Medium Low 42 2 18 171
Low 207 6 10 349

Source: Authors, (2026).
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Figure 10: Performance measures of Deep Learning Algorithms.
Source: Authors, (2026).

VI. CONCLUSION

This study used recorded brain signals from the Muse EEG device to compare the effectiveness of three deep learning
algorithms in predicting concentration levels while performing various cognitive tasks such as arithmetic calculations, reading technical
articles, listening to technical podcasts, reading transcripts, browsing the Internet, and simply relaxing with closed or open eyes. Deep
learning algorithms, such as ANN, LSTM, and GRU, are used to analyse the brain signals; of these, ANN provides the best accuracy
(65.63%), followed by LSTM (59.67%) and GRU (45.39%). ANN outperformed LSTM and GRU networks in accurately predicting
concentration levels by analysing EEG data.

When evaluating the F1 Score, ANN demonstrated superior performance in classes with high and medium-high concentrations.
Still, LSTM networks perform better for classes with low and medium-low concentrations than the other two networks. This study
utilizes the brainwave data obtained from the Muse EEG equipment, equipped with four electrodes, to predict the degree of
concentration. To further enhance this research in the future, one can augment the data collection process by collecting brainwave data
from several people using an EEG device equipped with many channels. Subsequently, the data collected can be examined to identify
the underlying trends in the brainwave data and to build a reliable deep-learning model to evaluate the students’ cognitive involvement.
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