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Abstract. The ability to determine a subject’s Mental Work Load (MWL)
has a wide range of significant applications within modern working en-
vironments. In recent years, techniques such as Electroencephalography
(EEG) have come to the forefront of MWL monitoring by extracting sig-
nals from the brain that correlate strongly to the workload of a subject.
To effectively classify the MWL of a subject via their EEG data, prior
works have employed machine and deep learning models. These studies
have primarily utilised single-learner models to perform MWL classifica-
tion. However, given the significance of accurately detecting a subject’s
MWL for use in practical applications, steps should be taken to assess
how we can increase the accuracy of these systems so that they are ro-
bust enough for use in real-world scenarios. Therefore, in this study, we
investigate if the use of state-of-the-art ensemble learning strategies can
improve performance over individual models. As such, we apply Bagging
and Stacking ensemble techniques to the STEW dataset to classify “low”,
“medium”, and “high” workload levels using EEG data. We also explore
how different model compositions impact performance by modifying the
type and quantity of models within each ensemble. The results from this
study highlight that ensemble networks are capable of improving upon
the accuracy of all their individual learner counterparts whilst reduc-
ing the variance of predictions, with our highest scoring model being a
stacking BLSTM consisting of 8 learners, which achieved a classification
accuracy of 97%.

Keywords: EEG · Mental Workload · Classification · Deep Learning ·
Ensembles.

1 Introduction

The ability to monitor and predict a person’s mental workload levels (MWL)
has a vast range of impactful applications within modern working environments,
such as teaching/training to monitor the performance of a subject and how well
they are handling a problem [31], safety systems to detect when a subjects men-
tal workload levels increase to dangers levels that may increase the likelihood of
accidents occurring [23, 44, 9], as well as improving performance by increasing or
decreasing the workload of a subject based on their current MWL [18]. A variety
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of avenues have already been explored on how to best determine the MWL of
a topic, from self-review questionnaires [33] and performance measures [4, 17] as
well as more direct techniques such as Functional Magnetic Resonance Imag-
ing (fMRI) [29, 24, 28], Functional Near-Infrared Spectroscopy (fNIRS) [27], and
Electroencephalography (EEG) [47, 21] which all monitor the neurophysiological
features of a subject’s brain.

In recent years Electroencephalography (EEG) data has been widely adopted
for MWL detection. This is because EEG data is well suited for MWL detec-
tion as the signals produced by the subject’s brain are strongly linked to their
mental workload levels [36, 39]. EEG also allows for capturing these signals in
real-time due to its high temporal resolution (millisecond scale), allowing for
developing systems with lower latency and more responsiveness to a subject’s
mental workload levels. EEG data has already been used to detect, monitor and
predict the subject’s mental workload [37, 26, 1]. Recently there have been sig-
nificant developments of machine/deep learning techniques designed to perform
mental workload classification, which has been shown to produce high accuracy
classification [47, 36].

Many of these previous studies have employed a variety of machine and deep
learning models which make use of single-learner algorithms to achieve results to
support their research questions, but often need to look into ways in which to ob-
tain the optimal performance of their models. One such way is the utilisation of
ensemble learning techniques. Ensemble learning consists of combining multiple
individual machine/deep learning models to improve the system’s overall perfor-
mance [34]. The advantages of ensemble learning can include reduced variance
in the models’ predictions and an overall increase in accuracy score. Ensemble
learning has already demonstrated its effectiveness for improving performance in
various applications [49] as well as some tasks that use EEG data [51]. However,
the capabilities of different ensemble learning techniques for EEG-based mental
workload classification have yet to be thoroughly examined. Thus, in this study,
we aim to answer the following research questions:

– RQ1: "Can ensemble learning techniques improve the performance of MWL
classification over that of single-learner models?"

– RQ2: "How do different ensemble techniques compare against each other?"
– RQ3: "What are the effects of differing ensemble compositions on perfor-

mance?"

To answer these research questions, we employ two popular ensemble learning
techniques, these being Bagging and Stacking [34]. Each of these techniques is
made up of a combination of the following state-of-the-art deep learning models
used for MWL classification: Gated Recurrent neural Network (GRU), Short-
Term Long Memory (LSTM), Bidirectional Gated Recurrent Neural Network
(BGRU), and Bidirectional Long Short-Term Memory (BLSTM) [8, 21]. These
systems are then trained and evaluated on the open-source mental workload data
set STEW [25].
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2 Background

The ability to detect, monitor and predict a subject’s mental workload level/cognitive
load has many potential significant applications in a variety of domains, from
safety systems that consider a subject’s cognitive load to performance optimisa-
tion systems [5]. As such, in recent years, it has become a rapidly evolving area
of research. Mental workload (MWL) can be defined as the cognitive resources
required by a subject whilst engaging in a task. In such cases, the load on the
human subject can directly affect the outcome of the given study [32, 5]. Prior
research has shown that when an operator’s cognitive load increases, their per-
formance may significantly suffer, resulting in lower performance and potential
safety risks depending on the task [15, 10]. Thus, it is essential to understand
the MWL of the subject to ensure that the job is handled appropriately. Early
techniques developed to infer MWL employ subjective strategies that utilise re-
sponses gathered from the issue. Examples of these emotional techniques include
the National Aeronautics and Space Administration’s Task Load Index (NASA
TLX) [12] and the Subjective Workload Assessment Technique (SWAT) [35].
Alternatives to subjective responses are performance measures; these estimate
the MWL of a subject by evaluating their performance on various main and sub-
tasks during multi-tasking scenarios [45]. Another potential avenue to infer the
workload level of an issue is through monitoring their physiological features such
as; heart rate, respiratory activity, saccadic eye movements, and brain activity
[13, 40, 7]. These techniques have moved to the forefront of MWL classification
as the other strategies, such as self-rating questionnaires and performance met-
rics, can only be feasibly measured in a post-hoc manner requiring the user’s
cooperation, unlike physiological features that can be monitored continuously
during the on-goings of the subject’s task [48].

2.1 Neuroscience and MWL detection

Recent works have demonstrated the effectiveness of utilising specific brain ac-
tivity features to infer a subject’s cognitive load directly. These studies have
made use of techniques such as magnetoencephalography (MEG) [20], fMRI [30],
fNIRS [27], and EEG [2, 19, 41] to extract neurophysiological features from the
brain. However, EEG data is optimal for the specific task of MWL classification
due to its strong correlation to the cognitive load of a subject, its portability, its
unobtrusiveness, and its ability to capture data in real-time (millisecond scale).

To more accurately determine the cognitive load of a subject using EEG data,
Machine Learning (ML) and Deep Learning (DL) algorithms have been devel-
oped to perform MWL classification. Works such as [37] extract the EEG from
twenty subjects performing four cognitive and motor tasks consisting of arith-
metic operations, finger tapping, mental rotation and lexical decisions, ranging
from low to medium to high difficulty levels. The researchers used the EEG
data recorded from the subjects to train a single learner ML support vector ma-
chine (SVM) to predict the current workload level of a subject from their EEG
data. The results showed that they achieved classification accuracy varying from
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65%-75% across subjects. Deep learning models were utilised in the works by
[6], where in which the researchers employed a deep hybrid model based on
a BLSTM and LSTM to perform mental workload classification when trained
on the STEW EEG dataset. The results of this study outlined that the model
was capable of achieving 82.57% accuracy when predicting whether the mental
workload levels of a subject were “low”, “medium”, or “high” from their EEG
data.

2.2 Ensemble Learning for MWL detection

Prior works that have employed ML and DL algorithms to perform their classi-
fication have primarily limited themselves to a single learner model to fulfil the
requirements of their study. However, suppose these systems are to be applied
to real-world applications, where accurately determining the MWL of a subject
may have significant impacts on the task that the operator is engaging with. In
that case, it is vital that these systems must be high performing and consistent in
their MWL predictions. A potential solution to this would be using an ensemble
network, which combines more than one ML and DL model into a single learner
to reduce the variance of the predictions and overall improve the model’s accu-
racy. Some recent works have made use of ensemble learning techniques during
their MWL classification tasks, such as [46], where the researchers employed a
bagging ensemble of stacked denoising autoencoders to perform the binary clas-
sification of two mental workload levels of “low” and “high” from the EEG data
gathered across eight subjects. Similarly, in the study [38], the researchers exam-
ine the performance of several heterogeneous ML and DL algorithms to perform
binary classification “low”, and “high” mental workload conditions using the EEG
data gathered from eight subjects. Although these studies have examined and
demonstrated the capabilities of ensemble learning for MWL classification, they
have yet to extensively compare the effects of different ensemble variables, such
as bagging vs stacking, mixed vs heterogeneous models, and how the number of
ensemble members affects overall performance.

3 Methodology

The main steps of this study are EEG signal acquisition, artefact removal, feature
engineering, model evaluation and EEG music classification. Details of each step
will be described in the following sections.

3.1 Data set

For mental workload classification, we utilised the open-source Simultaneous
Task EEG Workload (STEW) dataset [16]. The STEW data set creates a multi-
tasking mental workload environment by employing the study’s single-session
simultaneous capacity (SIMKAP) experiment [3]. The dataset contains the EEG
data recorded from 45 subjects using a 14-electrode system sampled at 128 Hz.
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The EEG signals were recorded from the subjects while they took part in two
experimental conditions, the resting and testing conditions. During the rest-
ing state, the participants had to sit in a chair and not perform any tasks or
challenges for 3 minutes whilst their EEG data was recorded. Within the test-
ing conditions, the subjects were tasked to participate in the SIMKAP activity
whilst their EEG data was recorded. For the EEG data recorded during the
SIMKAP test, the last 3 minutes of the recording is considered to be the work-
load condition. The first and last 15 seconds of the data from each recording
were excluded to reduce the effects of any between-task activities; this resulted
in each recording being 2.5 minutes long. After every segment of the experiment
conditions, each subject was asked to rate their perceived MWL from a 9-point
rating scale of 1 to 9. This was done as a subjective validation that the subject
did experience an increase in workload whilst taking part in the SIMKAP test
when compared to the resting condition. The rating ranges denote that 1-3 can
be considered as a low-level workload, 4-6 as a moderate workload, and 7-9 as a
high-level workload.

3.2 EEG Preprocessing

The final data produced when recording of EEG signals can be strongly affected
by the environment and electrical activities of the participant. EEG signals are
commonly polluted by noise and artefacts, which are unwanted signals that can
affect the raw EEG data and alter signals of interest for our task [42]. The re-
moval of noise and artefacts is a critical step in cleaning/processing EEG data.
Prior studies have demonstrated the benefits of these procedures on the over-
all performance of classification, specifically for ML and DL models [16]. Early
techniques employed by neuroscientists to perform pre-processing involved the
manual or visual analysis of the recorded EEG signals. Although these proce-
dures were very effective in identifying and removing the majority of artefacts
from EEG data, they are particularly time-consuming and require expert knowl-
edge of the field. These procedures may also suffer from the possibility of bias
when having human operators examine and remove artefacts [43].

As such, within this study, we employ automatic systems to perform these
procedures, speeding up the time to process and removing the possibility of
human bias interfering with the processed EEG data. To fulfil our pre-processing,
we use the MNE-python library [11]. Firstly, we apply a bandpass filter to the
data within a threshold of 0.5-40 Hz, EEG data within this frequency band has
been shown to strongly correlate with activation frequencies of the brain, and
thus we can consider anything out with this threshold to be noise and artefacts
caused by electrical interference or subject muscle activity.

3.3 EEG Feature Extraction

After processing and cleaning the EEG signals, we extracted features from the
data. Feature extraction of EEG data is important as it can provide the ML and
DL models with more meaningful data and gives the models the best chance of
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understanding the relationships between the data and their associated MWL.
The Features extracted are detailed below:

1. Morphological features: the number of peaks, average non-linear energy
and the curve length were extracted. Features and three morphological fea-
tures were extracted in two different ways. Firstly, they were calculated at
four frequency bands theta (4–8 Hz), alpha (8–13 Hz), beta (13–25 Hz), and
low gamma (25–40 Hz).

2. Statistical features: skewness, mean, and kurtosis were computed to iden-
tify the distribution of the signal.[21] was calculated to describe time-varying
processes

3. non-linear features: The approximate entropy (ApEn) and Hurst expo-
nent (H) were used to quantify the unpredictability of fluctuations over a
time series as well as measure the self-similarity of the time series, respec-
tively.

All of the features above were extracted from each EEG channel using a time
window of 1 second over the recorded EEG data. This resulted in 148 samples
for each feature generated per trial a subject took part in.

3.4 Models

When examining previous studies that attempt to infer MWLs from EEG data,
it can be seen that ML and DL models are commonly employed to perform this
classification. Some of the models made use of by these prior studies include the
Gated Recurrent Unit (GRU), Long Short-Term Memory (LSTM), Bidirectional
Gated Recurrent Unit (BGRU), and the Bidirectional Long Short-Term Memory
(BLSTM). These models have seen extensive use in both general EEG and MWL
classification due to their effectiveness when learning sequential data with long-
term dependencies [50]. Within this study, we will use each of these individual
learner models to compose each of our ensemble learners.

Table 1. Deep learning model architectures

Model Layers/Nodes
GRU G128-G64-G40-D32(D3)
BGRU BG128-G64-G32-D16(D3)
LSTM L128-L64-L40-D32(D3)
BLSTM BL128-L64-L32-D16(D3)

The architectures for each model can be seen in Table 1. G, BG, L, BL, and
D correspond to GRU, BGRU, LSTM, BLSTM, and Dense layer, respectively.
For example, BL128-L64-L32-D16(D3) details that there is a BLSTM layer with
128 units, an LSTM layer with 64 units, followed by a Dense-layer with 16 units,
and lastly, another Dense-layer with three units (corresponding to the three lev-
els of mental workload we are attempting to predict). SoftMax activation was
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implemented in the last layer. This work implemented a dropout rate of 0.2, and
the Adam optimiser was used within each of the deep-learning models. Addi-
tionally, early stopping was utilised to alleviate the potential issue of overfitting.
Furthermore, we limited the number of epochs for training to 200.

3.5 Ensemble Strategies

As this study focuses on using ensemble learning techniques to perform MWL
classification, we employed two popular ensemble strategies, Bagging and Stack-
ing.

Bagging (short for Bootstrap Aggregating) has two main components in cre-
ating an ensemble. Firstly bootstrapping; this is where for each learner (in this
study, GRU, LSTM, BGRU, BLSTM) within the ensemble, the training data
set is randomly re-sampled into subsets that can contain multiple instances of
the same data point. These subsets are then assigned to and used to train an
individual model, with the idea being that since each of the models has been
trained on its own random subset of the data, the ensemble will be able to better
generalise for unseen data. The second function of bagging is aggregating. When
the ensemble is presented with a testing dataset, it averages the class predictions
across each learner and selects the class with the highest number of “votes”. This
is done to improve the overall accuracy of the model’s predictions and reduce its
variance.

Stacking (short for Stacked generalisation), unlike bagging’s aggregation of
the individual learner’s predictions, uses the prediction outputs of the unique
models to train a meta-learner that can better weight the output predictions
of each model in the ensemble. The first step is to split the training data into
two different groups, one that is used to train each model and one that is used
to test the models to obtain their prediction outputs. These prediction outputs
are then passed to the meta-learner (for this study, a logistic regressor model)
to be trained. Once presented with unseen data, the ensemble passes the data
to each learner to obtain their prediction outputs which are then given to the
meta-learner to make the final prediction.

3.6 Metrics

In this study, the performance of each of the models is evaluated using precision,
recall, f1-score and Accuracy. For a classification task such as ours, true positive
(TP) is a situation that the model correctly predicted to be positive. A false
negative (FN) is when the model incorrectly predicted a case to be negative.
A true negative (TN) is a case where the model correctly predicted it to be
negative, and a false positive (FP) is a situation where the model incorrectly
predicted it be positive. Therefore, each metric is calculated as follows:
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Precision refers to the ratio of correct positive examples to the number of
actual positive examples.

Precision =
TP

(TP + FP )
(1)

Recall is calculated as the sum of true positives across all classes divided by
the sum of true positives and false negatives across all categories.

Recall =
TP

(TP + FN)
(2)

F1-score is the harmonic mean of the precision and recall.

f1score =
2TP

(2TP + FP + FN)
(3)

Accuracy is the sum of the number of true positives and true negatives
divided by the total number of examples.

Accuracy =
TP + TN

(TP + TN + FP + FN)
(4)

3.7 Experiment Conditions

To effectively address each of the research questions outlined for this paper, we
formulated the following experimental conditions, with the goal of predicting the
low, medium, and high mental workload of subjects from EEG data.

Experiment Scenario 1 Within this study, we make use of four single-learner
baseline models to compose each of our ensembles GRU, LSTM, BGRU, and
BLSTM. These models act a baseline for us to compare the performance of
our ensembles against (Investigating RQ1). We employ two popular ensemble
learning strategies; Bagging and Stacking (Investigating RQ2). To begin with,
each of these ensemble strategies (Bagging and Stacking) has 5 variations where
they are composed of different single learner models: 4-GRU-Learners, 4-LSTM-
Learners, 4-BGRU-Leaners, 4-BLSTM-Learners, and a mixed model containing
one of each of the models: GRU, LSTM, BGRU, and BLSTM (Investigating
RQ3). This means that, in total, we have 10 separate ensemble models for train-
ing and evaluation.

Experiment Scenario 2 To further investigate RQ3 we created the following
experiment condition. This scenario follows the same training/evaluation process
as the first experiment scenario. However, the only difference is the number of
individual learners in each of the ensembles. Within this scenario, we increase
the number of individual learners in each of the ensembles from 4 learners to 6,
to 8, and lastly, 10. This was done to assess how many learners can be added to
an ensemble before the performance begins to stagnate, allowing us to determine
the optimal number of learners to compose an ensemble network.
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3.8 Training Procedure

For each of the experiment scenarios, training and testing data was handled by
using a 5-fold time series cross-validation method [22], where 70% of the fold
was utilised for training, 10% for validation, and the remaining 20% for testing.

4 Results

In this section, we use a box plot to display the results for the variations of
the ensemble models compared against the baseline individual learners that the
ensembles are made up of. Each box plot presents five crucial pieces of informa-
tion: the minimum, first, second (median), third, and maximum quarterlies [14].
Where the red dot in the box represents the mean accuracy for each model.

Fig. 1. Baseline and Ensemble Models Accuracy

4.1 Scenario 1

The results for experiment scenario one are displayed in figure 1. This figure con-
tains box plots for the 5-fold cross-validation results of each model’s accuracy.
Within each block, we have the baseline models, the bagging models, and the
stacking models. We first compare the ensemble models’ results to their respec-
tive learner counterparts. It can be observed that every ensemble model for both
bagging and stacking strategies has improved accuracy over each of its compo-
nent learner models. On average, Bagging and Stacking improved the accuracy
across each heterogeneous model by 3.7% and 4.2%, respectively. The model
that saw the most significant improvement above the baseline was the Stacking
LSTM, which achieved an accuracy of 93.5%, a 5.6% increase in performance
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from the baseline LSTM score of 87.9%. This helps to demonstrate ensemble
networks’ effectiveness in improving individual learners’ performance (RQ1).

Following this, we examine how the two ensemble strategies used compare
against each other. On average, the Stacking models had an improved perfor-
mance of 0.7% over the bagging models. When looking at the highest-performing
models for both strategies, we see that the BLSTM for bagging and stacking
achieves the highest accuracy scores of 96% and 96.2%, respectively, highlight-
ing that the stacking models slightly outperform their bagging counterparts. This
shows that, although very close in performance, the stacking ensemble strategy,
on average, offers improved performance over that of bagging (RQ2).

Lastly, we explore how the different model compositions compare against
each other. Within the bagging ensemble plots, we can see that the order of
lowest to highest-performing models is as such: GRU (90.6%), LSTM (92.7%),
Mixed (93.5%), BGRU (94%), and BLSTM (96%). For the stacking ensemble,
the order follows GRU (90.6%), LSTM (93.5%), BGRU (94.9%), Mixed (95.1%),
and BLSTM (96.2%). Both strategies follow a similar expected performance pat-
tern that mirrors the baseline models; the only exception is the Mixed model,
which reliably outperforms GRU and LSTM but differs in its ability to outper-
form BGRU depending on the ensemble strategy used. This is likely due to the
Mixed model containing two weaker learners (GRU, LSTM) than the homoge-
neous BGRU and BLSTM ensembles. This implies that when given the option of
composing a model of varying performance models versus a homogeneous model
of strong learners, the latter of the two options will obtain greater performance
(RQ3).

Table 2. Stacking Ensembles with Varying Learner Count

Model Member Count Precision (S.D) Recall (S.D) F1-Score (S.D) Accuracy (S.D)
GRU 6 0.91 (0.8) 0.91 (0.8) 0.91 (0.8) 0.91 (0.8)
GRU 8 0.92 (0.3) 0.92 (0.3) 0.92 (0.3) 0.92 (0.3)
GRU 10 0.94 (0.1) 0.94 (0.1) 0.94 (0.1) 0.94 (0.1)
BGRU 6 0.95 (0.4) 0.95 (0.4) 0.95 (0.4) 0.95 (0.4)
BGRU 8 0.94 (0.8) 0.94 (0.8) 0.94 (0.8) 0.94 (0.8)
BGRU 10 0.94 (0.5) 0.94 (0.5) 0.94 (0.5) 0.94 (0.5)
LSTM 6 0.93 (0.6) 0.93 (0.6) 0.93 (0.6) 0.93 (0.6)
LSTM 8 0.93 (0.2) 0.93 (0.2) 0.93 (0.2) 0.93 (0.2)
LSTM 10 0.94 (0.3) 0.94 (0.3) 0.94 (0.3) 0.94 (0.3)
BLSTM 6 0.96 (0.3) 0.96 (0.3) 0.96 (0.3) 0.96 (0.3)
BLSTM 8 0.97 (0.5) 0.97 (0.5) 0.97 (0.5) 0.97 (0.5)
BLSTM 10 0.96 (0.7) 0.96 (0.7) 0.96 (0.7) 0.96 (0.7)
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 Table 3. Bagging Ensembles with Varying Learner Count

model member count Precision (S.D) Recall (S.D) F1-Score (S.D) Accuracy (S.D)
GRU 6 0.91 (0.2) 0.91 (0.2) 0.91 (0.2) 0.91 (0.2)
GRU 8 0.92 (0.4) 0.91 (0.4) 0.91 (0.4) 0.91 (0.4)
GRU 10 0.91 (0.3) 0.91 (0.3) 0.91 (0.3) 0.91 (0.3)
BGRU 6 0.94 (0.4) 0.94 (0.4) 0.94 (0.4) 0.94 (0.4)
BGRU 8 0.94 (0.5) 0.94 (0.5) 0.94 (0.5) 0.94 (0.5)
BGRU 10 0.94 (0.3) 0.94 (0.3) 0.94 (0.3) 0.94 (0.3)
LSTM 6 0.92 (0.5) 0.92 (0.5) 0.92 (0.5) 0.92 (0.5)
LSTM 8 0.93 (0.4) 0.93 (0.4) 0.93 (0.4) 0.93 (0.4)
LSTM 10 0.93 (0.6) 0.93 (0.6) 0.93 (0.6) 0.93 (0.6)
BLSTM 6 0.94 (0.7) 0.94 (0.7) 0.94 (0.7) 0.94 (0.7)
BLSTM 8 0.94 (0.3) 0.94 (0.3) 0.94 (0.3) 0.94 (0.3)
BLSTM 10 0.94 (0.5) 0.94 (0.5) 0.94 (0.5) 0.94 (0.5)

4.2 Scenario 2

The results for experiment scenario 2 are presented in table 2, which contains
the results for the stacking ensembles, and table 3, which contains the results
for the bagging ensembles. Firstly, when comparing the accuracy scores for each
model across both ensemble strategies, we can observe that the bagging ensem-
ble accuracies remain stagnant as the number of member increase from 6 to 8.
Whereas it can be observed that a number of the stacking models’ accuracy ap-
pears to improve, with the highest performing model being the stacking BLSTM
achieving an accuracy of 97% using eight learners. These results imply that
the stacking strategy appears the benefit from an increased number of learners
above the base count of 4. In contrast, to the bagging strategy shows no benefits
from increasing the learner count, adding further considerations when selecting
optimal ensemble composition (RQ3).

5 Conclusion

To accurately determine a subject’s Mental Work Load (MWL) level opens the
door to an extensive range of beneficial applications within modern working en-
vironments. Areas such as health and safety, teaching, and resource management
can benefit directly through monitoring and classifying a person’s MWL. In re-
cent years, significant progress has been made in the field of MWL detection
thanks to the inclusion of direction brain monitoring techniques such as Elec-
troencephalography (EEG). Prior studies have demonstrated the ability to train
single machine/deep learning models on this data to classify MWL levels auto-
matically. However, if these systems are to be applied in real-world scenarios,
steps should be taken to explore how these models can be made as accurate and
reliable as possible.

Therefore, in this study, we explored the viability of ensemble learning mod-
els to provide improved performance over single-learner models when applied
to the STEW [25] MWL data set. Furthermore, we examined how different en-
semble learning techniques (Bagging and Stacking) compare in performance and
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explored how ensemble composition (model type and quantity) affects perfor-
mance. To do this, we composed several Bagging and Stacking ensembles from
the following individual learners – GRU, BGRU, LSTM, and BLSTM. Our find-
ings demonstrated the substantial improvement of all ensemble networks over
their learner counterparts, with a bagging and stacking ensemble consisting of
four learners on average increasing accuracy by 3.7% and 4.2%, respectively,
whilst reducing the variation in the prediction output. Moreover, our results
also show that performance benefits can be seen by including more members
in the ensemble when using the stacking strategy, with the highest achieving
ensemble being the BLSTM with eight learners that obtained an accuracy score
of 97%.

Future works that aim to perform MWL classification within the context of
a real-world scenario should consider the usage of ensemble networks to improve
the system’s overall performance. Furthermore, the ensemble networks presented
in this study can also be applied to other research areas that wish to improve
their performance when performing EEG data classification.
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