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Depression is a psychological condition which hampers day to day activity (Thinking, Feeling or Action). The
early detection of this illness will help to save many lives because it is now recognized as a global problem which
could even lead to suicide. Electroencephalogram (EEG) signals can be used to diagnose depression using ma-
chine learning techniques. The dataset studied is public dataset which consists of 30 healthy people and 34
depression patients. The methods used for detection of depression are Decision Tree, Random Forest, Con-

volutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), Bidirectional Long-Short Term Memory (Bi-LSTM), Gradient Boosting, Extreme Gradient
Boosting (XGBoost) along with band power. Among Deep Learning techniques, CNN model got the highest ac-
curacy with 98.13%, specificity of 99%, and sensitivity of 97% using band power features.

1. Introduction

In terms of the number of years people live with a disability,
depression or Major Depressive Disorder (MDD) has grown significantly
as global cause of disability. In past ten years, the percentage of persons
affected by MDD has increased to 20%, with a male to female ratio of
1:1.5. The World Health Organization estimates that by 2030, MDD will
overtake other diseases as the leading cause of disease burden, affecting
more than 300 million people worldwide [1,2] Fig. 1; Block represen-
tation of the detection of depressed individual and healthy individuals.

A person with depression displays a lack of interest in routine plea-
sure and activities. This is accompanied by additional depressive
symptoms, including restlessness and agitation, exhaustion and lack of
energy, guilt or worthlessness, suicidal thoughts, etc Fig. 2.

Depression impairs cognitive ability, which is expected to be re-
flected in the bioelectrical activity in the brain. Under these conditions,

EEG brain screening can assist in comprehending how the brain operates
as well as any disparities in brain activity. EEG is affordable and widely
accessible. Since the EEG uses the same millisecond time scale as neural
activity, it provides better temporal resolution. The EEG signals are
extremely intricate, non-stationary, and non-linear, making manual
interpretation very challenging. Therefore, computer-aided signal pro-
cessing is required to automatically distinguish between depression
patients and healthy people Fig. 3..

A lot of research has been done to increase the depression prediction
as many other mental health disease using various EEG features and
classifiers [31-33]. To detect stress, numerous researchers have been
using machine learning and deep learning models [3]. There have been
analyses in which the features extracted inherently by deep learning
conform to the suitable neurocognitive background information [4].
Perceptual domain was linked to decreased alpha activity and coherence
in the posterior areas in the neurological disorders [5]. Three common
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Fig. 1. Block representation of the detection of depressed individual and
healthy individuals

bands—theta (4-8 Hz), alpha (8-13 Hz), and beta (13-30 Hz)—have
always found to have significant information between depressed in-
dividuals and healthy controls [6]. Methods for grouping extracted
features are suggested, which aids in shrinking the space while main-
taining feature quality [7]. EEG Signals features are extracted and cor-
relation matrix along with data benefit assessment and recursive feature
reduction process is used for tuning them to fed into XGBoost [8].
Depressed individuals have elevated resting state EEG functional con-
nectivity when compared to controls, with statistically significant dif-
ferences observed in male subjects but not in female subjects [9] Fig. 4.

In children and adolescents, RF outscored all other ML algorithms
with precision of 99% and accuracy of 95% in predicting depressed
classes [10]. The mean accuracy achieved when using raw EEG-data,
conducting frequency domain pre-processing to split the data into its
distinct frequency domains, and creating EEG data was 88.14% [11].
Using the Logistic Regression Model, the linear mechanisms spectral
asymmetry index, alpha power variability, and relative gamma power
yielded an accuracy of 81% [12]. CNN and GRU can achieve an accuracy
of 89.63% and 88.56% respectively on a public EEG depression dataset
[13]. CNN and RNN achieved an average accuracy of 74.12% as they
were able to retrieve task related features, mine inter channel correla-
tions and incorporate that relevant information from frames [14] Fig. 5..

2. Material and Methods

Publicly available EEG signal sample data was utilized [15]. In
accordance to the experiment structure granted by human ethics council
of Hospital University Sains Malaysia (HUSM), Kelantan, Malaysia, a
sample of 34 MDD patients were chosen for the study. It consists of 17
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females and 17 males with a mean age of 40.3 + 12.9 years. The
permission forms for research participants have been signed once they
had received information regarding the experiment’s design. The MDD
patients satisfied the Diagnostic and Statistical Manual-IV, an interna-
tionally accepted set of criteria for diagnosing depression (DSM-IV)
[16]. A second set of 30 healthy age-matched controls was gathered.
They served as the control group. It consists of 21 men and 9 females
with the mean age of 38.3 + 15.6 years. The people who were in good
health were checked for mental issues. Fig. 1 shown the overall block
diagram of study for diagnosis of depression.

2.1. Data acquisition

To collect EEG data, a cap with 19 electro-gel sensors was employed.
Longer recordings and better patient care were possible because the
electro-gel sensors’ reduced need for corrections compared to hydro-
sensors. The international 10-20 system was used in this work to put
the EEG sensors on the scalp [17]. Nineteen electrodes were placed in
scalp using the international 10-20 system as shown inFig. 2. The EEG
data was transformed to digital form at 256Hz with band pass filtration
from 0.1 to 70Hz. The eliminate power line noise, a 50 Hz notch filter
was applied. Artifacts like muscle movement, eyeblinks were removed
applying Independent Component Analysis (ICA).

2.2. Feature: Band power

Band power were extracted from all 19 channels: delta (0.5-4 Hz),
theta (4-8 Hz), alpha (8-13 Hz), and beta (13-30 Hz) [18]. The Welch
periodogram was used to calculate the EEG signal’s power spectrum.
The signals were divided into small segments in this method, and each
segment had a 50% overlap. The signal power of each band was deter-
mined by taking the average of all modified periodograms. Alpha waves
travel at a slower and are larger than beta waves. They are related with a
calm state of mind and suggest that the brain is preparing to react if
necessary. On eyes closing or pleasent imagination, alpha brainwaves
increase. Whenever we close our eyes or imagine something pleasant,
our alpha brainwaves increase. Theta brainwaves are related with
mental inefficiency because they depict a day dreamy, spacey state of
mind. Theta brain wave activity is a relatively calm condition at very
low levels, signifying the twilight zone between awake and sleeping.
Beta brainwaves are quick, smaller brainwaves linked to cerebral and
intellectual activity, as well as outwardly focused concentration. This is
essentially a condition of vigilance. The slowest and biggest amplitude
brain waves we experience when sleeping are delta brainwaves. In
general, dominant brainwave states are associated to different degrees
of awareness.

2.3. Classifier

Eight different classifiers have been used in this study as shown in
Fig. 3 and a comparative analysis has been done among all of them.

2.3.1. Random Forest

Random Forest is a flexible, supervised, and straightforward ma-
chine learning method that gives excellent results in most situations
even without hyper-parameter tuning [19]. Because of its simplicity, it is
one of the most often used algorithms, and it may be used to tackle
regression and classification issues. It averages the results of numerous
decision trees applied to different subsets of the dataset. Python’s
GridSearchCV mechanism was used to fine-tune the optimal random
forest parameters. After using the model on all 4 bandpower obtained
from 19 channels, accuracy of 96.70% was achieved.

2.3.2. Convolutional Neural Network
The CNN used in this study consists of the three basic layers namely,
convolutional layer, a pooling layer, and a fully-connected layer as



A.O. Khadidos et al.

Neuroscience Letters 809 (2023) 137313

NASION

FRONTAL

CENTRAL

PARIETAL

OCCIPITAL

PREFRONTAL

TEMPORAL

INION

Fig. 2. Fig. 2: Standard 10-20 electrode system [34]

Classifier
s | Gradient Boosting
XGBoost «
—pp- Bi-LSTM
Random Forest <
LSTM
CNN —
1 GRU
RNN B

Fig. 3. Eight different classifiers used in the study

mentioned in Fig. 4. Convolutional layer utilises the filter to extract
essential features from the incoming data for processing [20]. Filter is a
weighted vector that is changed during training and is used to convolve
the input. The parameters are determined through trial and error while
maximizing the model’s accuracy [21]. The convolutional layer’s goal is
to extract significant properties from the incoming EEG signals so that
the algorithm may be trained. The rectified linear unit is the activation
function after the convolution technique. In this study, a max-pooling
technique is used. The outputs of the last fully connected layer were
sent into a final layer with sigmoid function for determining the class
likelihood as normal or depression. An accuracy of 98.13% after
adopting CNN on all characteristics, outperforming all other model.

Fully Connected

Convolution

Classification

Feature Extraction

Fig. 4. Basic CNN Architecture

2.3.3. Long Short-Term Memory

Because of the gating mechanism used in LSTM cells, the LSTM
model performs better with time series data because it only preserves
meaningful information and discards irrelevant information [22].

Memory cells are unique hidden units in the LSTM design that are
utilized to recall the past data for a longer period. An LSTM design in-
cludes forget, learn, remember, and utilise gates, which evaluate if an
information is valuable enough to keep. The LSTM unit employs four
distinct functions, including sigmoid, hyperbolic tangent, multiplica-
tion, and sum, to facilitate updating the weight matrix during back
propagation process [23]. The LSTM model implemented in this study
has three LSTM layers that give an accuracy of 96.7% on 4 bandpower
obtained from 19 channels.

2.3.4. Bidirectional Long-Short Term Memory

Bi-LSTMs demonstrates to be particularly beneficial when context of
the information is needed. For tasks like sentiment classification, it is
very helpful. Information moves from the rear to the front in a unidi-
rectional LSTM [24]. Bi-LSTMs are better at comprehending context.
The bidirectional-LSTM network, which is composed of two distinct
hidden blocks, not only relays information from front to rear, but also
from back to front, and the output value is determined jointly. As a
result, when working with EEG data with pre-and-post relationships,
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Fig. 5. Bi-LSTM Architecture

this deep design can obtain exceptional results [25]. In this study, there
is a bidirectional LSTM layer giving the accuracy of 96.93% on 4
bandpower obtained from 19 channels.

2.3.5. Extreme Gradient Boosting

XGBoost is a modified Gradient Boosting Decision Tree technique
that can successfully create boosted trees and execute in parallel as
shown in Fig. 6. In XGBoost, there are two types of boosted trees:
regression trees and classification trees [26]. The heart of XGBoost is
optimising the value of the goal function. XGBoost includes a regularised
model [27].The model in this study was tuned using GridSearchCV
giving the accuracy of 97.01% on 4 bandpowers obtained from 19
channels.

2.3.6. Recurrent Neural networks

RNN is best suited for datasets that include details that is time-series
or sequential in nature. RNN may retrieve information from previous
stages’ inputs and incorporate its influence on the present stage’s input
as well as its output. The information carried by the components in the
sequence affect the outputs of recurrent neural networks. The connec-
tions between the nodes create a directed graph, which provides tem-
poral dynamic behaviour [28]. By providing each output as feed to the
following hidden layer, it may decrease the intricacies of rising pa-
rameters and memorise each previous detail. Eventually, all previous
layers are combined to make a single recurring layer. In this study, the
model consists of two RNN layers giving the accuracy of 96.15% on4
bandpower obtained from 19 channels.

2.3.7. Gated Recurrent Unit

GRU consists of reset gate and update gate, and the training pa-
rameters are much smaller than LSTM, so it needs less memory and runs
faster. The Gated recurrent units may extract significant characteristics
from time series input EEG signals [22]. There is no distinction between
the internal and exterior states in a GRU, but in explicitly introducing a
linear dependence between the current state as well as the state at the
previous time, the gradient vanishing and gradient explosion are solved
[29]. In this study, there are two layers of GRU that are giving an ac-
curacy of 95.68% on 4 bandpower obtained from 19 channels.

2.3.8. Gradient Boosting

Gradient boosting has been applied successfully in classification,
training to rank, structured prediction, and other fields. To avoid over-
fitting, it trains an ensemble of simple models [27]. The model in this
study was tuned using GridSearchCV giving the accuracy of 92.42% on 4
bandpower obtained from 19 channels.

2.4. Parameters

The goodness of model can be evaluated on the basis of few pa-
rameters. Following are few of the parameters generally used for eval-
uating a model.

2.4.1. Accuracy

The ratio of correctly identified instances to the total number of cases
being evaluated can also be used to determine accuracy. Accuracy has a
greatest value of 1, and a worst value of 0.

Numberofcorrectlycases
Accuracy =

Totalnumberofcasesunderevaluation

2.4.2. Precision

Both of the classes can be used to determine precision. The classi-
fier’s capability to refuse to classify a negative sample as positive is
known as the precision of the negative class. The precision of the posi-
tive class refers to the classifier’s ability to avoid categorising a positive
sample as negative. Precision has a greatest value of 1, and a worst value
of 0.

TruePositive/ Negative

Precision = -
Numberofcasesunderpredicted

2.4.3. Sensitivity or recall of positive class

It is also possible to define recall in terms of either class. The recall of
positive class is described as the ratio of True Positive to total number of
positive cases. It is also known as sensitivity. It can be described simply
as the classifier’s capacity to identify every successful case.

TruePositive

Sensitivity = -
4 Numberofactualpositivecases

2.4.4. Fl-score

Regardless of class imbalance, F1-score are regarded as one of the
finest measures for classification models [30]. The weighted average of
the class’s precision and recall is the Fl-score. The worst value is 0,
while its best value is 1.
2*Precision*Recall

F1 —score = —
Precision + Recall

2.4.5. ROC and AUC score

The Receiver Operating Curve assists in determining the best
threshold value for categorization. The area under the ROC curve is
referred to as AUC and is used as a statistic to assess the classification
model.
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2.4.6. Hamming loss
Target misclassification is measured by the Hamming loss. The
hamming loss has a best value of 0 and 1 is the worst value.

2.4.7. Jaccard score

It is determined by comparing the dimensions of all the anticipated
labels and the actual labels’ intersection and union with each other [30].
When comparing the projected classes with the actual classes, it is
referred to as a similarity coefficient. The classification with a value of 1
is the best, while a value of 0 is the worst.

2.4.8. Cross-entropy loss

Deep neural networks become famous for using cross-entropy loss to
solve vanishing gradient issues. It is also known as log loss. It quantifies
the contamination brought on by misclassification. The cross-entropy
loss is calculated by adding the logarithmic values of the prediction
probability distribution for improperly identified data points.

2.5. Feature matrix

It is formed of r-rows and c-columns, where r rows represent the
number of EEG data and c columns represent number of features
extracted from EEG data. In this study 4 band power of each channel has
been used.

Thus total number of EEG feature = 19 channel x 4 = 76 features.

2.6. Analysis of algorithm

The size of the dataset is = 60x76. The dataset is divided into 70:30
ratio i.e. 70% for training and 30% for testing.100 iteration of 10CV has
been applied in the study for validation.

3. Results and discussion

Each of the band power feature i.e A) delta, theta, alpha and beta of
19 channels has been used B) Temporal region channel has been used C)
All 4 bandpower of 19 channels has been used along with the classifiers
Random Forest, Convolutional Neural Network (CNN), Recurrent Neu-
ral Network (RNN), Long Short-Term Memory (LSTM), Gated Recurrent
Unit (GRU), Bidirectional Long-Short Term Memory (Bi-LSTM),
Gradient Boosting, Extreme Gradient Boosting (XGBoost).

3.1. Classifier results with delta, theta, alpha and beta band power of 19
channels.

Each of the four band power feature has been applied to all the 8
classifiers separately. The results are shown from Table 1.

Table 1 show that the highest accuracy attained is 89.85% in XG
Boost model using alpha band power, 85.03% using Beta power using
Gradient Boosting, 87.86% in Random Forest using Theta power,.

Table 1
Result of different classifier on Alpha, Beta Theta and Delta band power.

Classifier Accuracy of Accuracy of Accuracy of Accuracy of
Alpha band Beta band Theta band Delta band
power (%) power (%) power (%) power (%)

Random 82.33 84.22 87.86 81.78

Forest

CNN 72.04 74.88 83.86 76.17

RNN 83.55 86.98 87.60 84.76

Bidirectional 83.35 77.33 86.59 76.24

LSTM

GRU 78.03 70.53 81.92 77.88

LSTM 79.27 65.20 87.64 80.29

Gradient 81.96 85.03 87.68 82.15

Boosting

XG Boost 89.85 76.24 83.32 78.89
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accuracy of 84.76% in RNN using Delta band power. Table 1 shows that
the highest among all the band power, accuracy of 84.75% in RNN
model using alpha band power Table 2..

3.2. Result of temporal region

This section will discuss the result of temporal region regarding
alpha and theta power band. Alpha and theta power of temporal region
i.e. channel T7 and T8. In the previous studies it has been found that the
depression affects the temporal region of the brain [18,31]. So the
channels from the temporal region have been selected. From previous
studies it has been also found that the alpha and theta power shows
higher classification accuracy which can also be observed in the Fig. 6
which shows that the average of accuracy of using theta and alpha
power is higher. Table 2 and Fig. 7 shows higher accuracy of 79.5% has
been achieved using only Theta and Alpha bandpower.

3.3. Results based on combination of all band power of 19 channels

Band power of all 19 channels was used as feature in the 8 classifiers
model i.e. Decision Tree, Random Forest, Convolutional Neural Network
(CNN), Recurrent Neural Network (RNN), Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), Bidirectional Long-Short Term
Memory (Bi-LSTM), Gradient Boosting, Extreme Gradient Boosting
(XGBoost). Classification accuracy of more than 92% has been achieved
in all the 8 classifiers with highest classification of 98.13% obtained
using CNN as shown on Table 3 and Fig. 8.

The study confirms that EEG signal can be used as an adjunct tool for
detection of depression as highest classification accuracy of 98.13% is
obtained using CNN and all band power of 19 channels. The study also
reconfirms the fact that the depression effects the theta and alpha band
power based on the higher average accuracy achieved as shown in
Fig. Also that depression affects in the temporal region of the brain can
be confirms that depression affects the temporal region of the brain
which also supported in the previous studies [1,2,18,31].

4. Conclusion

Highest classification accuracy of 98.13% is obtained using CNN and
all band power of 19 channels. Also high accuracy of 89.85% is achieved
using only Alpha band power shows the significance of alpha band
power for detection of depression. The study also confirms that the
depression affects the temporal region of the brain since a high accuracy
of 79.5% is achieved using Theta and Alpha band power using only data
from temporal Region channels i.e. 2 channel T7 and T8. Since a high
accuracy of 98.13% is obtained using CNN, it can act as an adjunct tool
to detect depression with high accuracy. This could in terms help in
correct and accurate diagnosis of depression and act as a biomarker.

Table 2
Classification using Theta and Alpha band power using only data from temporal
Region channels i.e. 2 channels T7 and T8.

Methods Accuracy of temporal region of Alpha and Theta power
spectrum
(in %)
Random Forest 79.50
CNN 76.40
RNN 79.40
LSTM 78.70
GRU 79.08
Bidirectional 78.38
LSTM
Gradient Boosting 77.64
XG Boost 77.00
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Fig. 7. Comparison of accuracy using only temporal region channel T7 and T8.

Table 3
Result of all 4 band power of 19 channels using 8 classifiers.
Accuracy Precision Sensitivity Specificity f1_Score ROC-AUC score Hamming loss log_loss jaccard_score

Random Forest 96.7 0.97 0.96 0.97 0.97 0.97 0.033 0.15 0.93
CNN 98.13 0.99 0.97 0.99 0.98 0.98 0.0187 0.05 0.96
RNN 96.15 0.96 0.96 0.97 0.96 0.96 0.0385 0.12 0.92
LSTM 96.7 0.96 0.97 0.96 0.97 0.97 0.033 0.09 0.94
GRU 95.68 0.97 0.94 0.97 0.96 0.96 0.0432 0.12 0.91
Bidirectional LSTM 96.93 0.97 0.97 0.97 0.97 0.97 0.0307 0.09 0.94
Gradient Boosting 92.42 0.92 0.92 0.92 0.92 0.92 0.0758 0.23 0.85
XG Boost 97.01 0.97 0.97 0.97 0.97 0.97 0.0299 0.09 0.94
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