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A B S T R A C T

Each brain hemisphere is dominant for certain functions such as speech. The determination of speech laterality
prior to surgery is of paramount importance for accurate risk prediction. In this study, we aimed to determine
speech laterality via EEG signals by using noninvasive machine learning techniques. The retrospective study
included 67 subjects aged 18–65 years who had no chronic diseases and were diagnosed as healthy based on EEG
examination. The subjects comprised 35 right-hand dominant (speech center located in the left hemisphere) and
32 left-hand dominant individuals (speech center located in the right hemisphere). A spectrogram was created
for each of the 18 EEG channels by using various Convolutional Neural Networks (CNN) architectures including
VGG16, VGG19, ResNet, MobileNet, NasNet, and DenseNet. These architectures were used to extract features
from the spectrograms. The extracted features were classified using Support Vector Machines (SVM) and the
classification performances of the CNN models were evaluated using Area Under the Curve (AUC). Of all the
CNN models used in the study, VGG16 had a higher AUC value (0.83 ± 0.05) in the determination of speech
laterality compared to all other models. The present study is a pioneer investigation into the determination of
speech laterality via EEG signals with machine learning techniques, which, to our knowledge, has never been
reported in the literature. Moreover, the classification results obtained in the study are promising and lead the
way for subsequent studies though not practically feasible.

Introduction

Brain is a complex organ primarily responsible for balance and
decision-making processes. In particular, human brain is more complex
compared to that of other living organisms. One of these complexities is
known as ‘cerebral dominance’ which is defined as the relative super-
iority of one hemisphere over the other in the control of cerebral
functions. In other words, it is the ability of one cerebral hemisphere to
predominately control specific tasks [1]. Accordingly, damage to one of
these hemispheres may result in the impairment of certain identifiable
functions. For instance, damage to the left hemisphere can impair
functions associated with speech, reading, and writing, whereas da-
mage to the right hemisphere may result in a decreased ability to
perform such tasks as judging distance, determining direction, and re-
cognizing tones and similar artistic functions [2].

More than 90% of people worldwide are right-handed and the
language-related functions are controlled by the left hemisphere in
most of these individuals [1–3]. Fig. 1 illustrates the dominance of right

and left hemispheres in the control of the left and right hands, re-
spectively.

The brain consists of two hemispheres including right and left
hemispheres and each hemisphere are divided into 4 lobes: frontal (F),
parietal (P), temporal (T), and occipital (O) [5]. The term ‘speech
center’ refers to two interconnected brain areas (Broca’s and Wernicke’s
areas) that are associated with speech processing and production.
Wernicke’s area covers the middle two-thirds of the superior temporal
gyrus and is associated with the interpretation of extrinsic (e.g. visual,
auditory) and intrinsic (e.g. pain) senses. Broca’s area is located in the
posterior-inferior frontal gyrus and is the motor speech-production area
where motor patterns are initiated for the expression of words and short
phrases. The sensory information interpreted and synthesized through
the signals received from Wernicke’s area is transferred to Broca’s area
[6].

Literature reviews indicate that numerous studies have been con-
ducted with various methods to provide a better understanding of the
dynamic structure of the brain [7]. Of these, functional magnetic
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resonance imaging (fMRI) is a time-taking method and its results may
be difficult to interpret. Additionally, intracarotid amobarbital proce-
dure (Wada testing) is also used in the determination of the dominant
hemisphere, although its use is limited due to its invasive nature and
high risk of complications [8]. In the literature, there have been studies
using MRI for the determination of speech laterality or the dominant
hemisphere [9]. However, to our knowledge, these studies have pro-
vided inconclusive findings for the determination of the dominant
hemisphere [10].

Electroencephalography (EEG) is a noninvasive, cost-effective di-
agnostic method which refers to the recording of the brain's sponta-
neous electrical activity over a short period of time and is commonly
used in the diagnosis and treatment of epilepsy. EEG records reversible,
irreversible, or progressive changes in the electrical activity of neurons
in the presence of a focal or diffuse brain pathology or to rule out an
organic pathology. As the EEG signals are nonlinear and dynamic in
nature, they are highly complex and difficult to interpret by visual as-
sessment [5]. Traditionally, neurologists perform direct visual inspec-
tion to identify epileptiform abnormalities. However, this technique can
be time-consuming and may provide variable results based on the ex-
pertise level of the physicians. For these reasons, it is essential to de-
velop a Computer-Aided Diagnosis (CAD) system to automatically
identify the class of these EEG signals using machine learning techni-
ques.

Deep learning is a machine learning technique based on re-
presentation learning, in which the system automatically learns and
detects the features required for classification through processing of
multiple layers of input data. This technique has been used in numerous
computer-aided biomedical software programs [11,12].

In the present study, we propose the use of a CAD model for the
determination of speech laterality. The model involves the use of deep
learning techniques for the determination of speech laterality in both
right- and left-hand dominant individuals without hand-designed fea-
ture extraction and selection.

To achieve this, the EEG signals of 67 subjects including both right-
and left-hand dominant individuals were classified using 7 different
CNN models, followed by the evaluation of classification performance
for each model. In this way, a decision support system was established
for the determination of speech laterality via EEG signals and also the
performances of the CNN models in the classification of signals were
compared with each other.

Materials and methods

Materials

The retrospective study included 67 subjects aged 18–65 years who
had no chronic diseases and were diagnosed as healthy based on EEG

examination in Firat University Hospital between January 2017 and
January 2018. The subjects comprised 35 right-hand dominant (speech
center in the left hemisphere) and 32 left-hand dominant individuals
(speech center in the right hemisphere). The study was approved by
(Non-Invasive Research Ethics Committee of Firat University) (Date:
June 20, 2018; Approval No.: 269497).

The EEG data were retrieved from the 12-min EEG recordings per-
formed for each subject by using a Nicolet EEG v32 device. The EEG
data were recorded with 18 electrodes positioned on the scalp at FP1,
FP2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T3, T4, T5, T6, A1, and A2,
according to the International 10–20 system (Fig. 2) [13].

Methods

Speech laterality was determined in each subject via EEG signals.
Spectrograms were created based on the EEG signals recorded from 18
channels and were later resized and used as the input to the CNN to be
used for the establishment of a decision support system. Using the CNN
models, a feature vector was extracted from each spectrogram to de-
termine speech laterality and these vectors were classified with SVM.
The classified data were compared with the diagnoses made by a spe-
cialist physician and were evaluated based on the performance criteria
commonly used in the literature. Fig. 3 illustrates the decision support
system employed in the study.

Creation of spectrograms
The Short-Time Fourier Transform (STFT) is a general-purpose tool

for signal processing, providing information for both the time and fre-
quency of a signal. In STFT, the Fourier transform is calculated by
multiplying the transformation function with a window function. A
spectrogram is a visual representation of the spectrum of frequencies of
a signal as it varies with time. Spectrograms were created from the EEG
signals to perform feature extraction with CNN models (Fig. 3) [14].
Spectrogram images were generated at MATLAB software. Data sets
were trained using Python 3.6 and Keras 2.1.6 [15] on a computer with
an Intel Core i3-2120 CPU (3.30 GHz).

Feature extraction with a pre-trained CNN model
CNN is a particular type of multi-layer sensors developed to mimic

the physiology of the human visual system. CNN is commonly used in
deep learning and has been shown to achieve empirical successes in
tasks such as object recognition and signal processing and classification.
The CNN architectures including VGG16, VGG19, ResNet, MobileNet,
NasNet, and DenseNet201 were used to perform feature extraction from

Fig. 1. Dominance of right and left hemispheres in the control of the left and
right hand [4].

Fig. 2. Electrode placement according to the international 10–20 system [13].
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the spectrograms created based on the EEG signals.
Large training data and computing power are needed to pre-train a

CNN model for a specific task. In the lack of these opportunities, a
transfer learning approach can be used, which is primarily used for
creating a feature vector from a dataset in a different region of interest
by using a CNN pre-trained for a specific task [16].

The input image dimension can vary across CNN models; while a
224×224 image input dimension is used in VGG16, VGG19, ResNet,
DenseNet, MobileNet, and NasNetMobile, a 331× 331 image input
dimension is used in NasNetLarge. Therefore, each spectrogram in our
study was resized according to the image input dimension of each CNN
model. A feature vector was extracted from each CNN model by using
the transfer learning method. Table 1 presents the dimensions of the
feature vectors resized for each CNN model.

VGG16 and VGG19. The VGG models were invented by the Oxford
University Visual Geometry Group (VGG). VGG16 uses small filters
(3× 3) rather than the large filters, as those used by AlexNet (11×11,
9× 9). VGG16 consists of 13 convolution layers and 3 fully connected
layers and also includes five max-pooling layers of size 2× 2, with the
final layer as the soft-max layer. VGG16 applies rectification
nonlinearity (ReLu) activation and has approximately 138 million
parameters. In contrast, VGG19 consists of 16 convolution layers and
3 fully connected layers and has approximately 144 million parameters
[15,17].

Residual network (ResNet). As the depth of the network in CNN
increases, the training becomes more difficult, ultimately leading to a
problem known as ‘vanishing gradients’. To overcome this problem,
Residual Network (ResNet) has been developed, which arithmetically

adds the input (x) to the F(x) to pass (F(x)+ x) through Relu and also
creates a shortcut path from the input (x) to the output to bypass
multiple layers, instead of performing mapping with the nonlinear
function F(x) in normal CNN. In this way, the training process is
administered more easily. ResNet50 consists of 50 layers and has
approximately 25.6 million parameters [18], implicating that
ResNet50 has a lower number of parameters compared to the CNN
models aforementioned. On the other hand, there are two other ResNet
models including ResNet101 and ResNet152.

Dense Convolutional network (DenseNet). Dense Convolutional Network
(DenseNet) is a deep CNN model that connects each layer to every other
layer in a feed-forward fashion. Though similar to ResNet in
architecture, it has various differences. In ResNet, the feature-maps of
all preceding layers are used as inputs, and the own feature-maps of
each layer are used as inputs into all subsequent layers, in order to
maximize the information flow between all the layers. Another major
difference between ResNet and DenseNet is that ResNet does not
concatenate feature-maps when extracting the input features of a
layer, and instead uses all of the feature-maps from the previous layer
as input to the subsequent layer [19].

MobileNet. MobileNet is a CNN architecture more suitable for mobile
and embedded based vision applications where there is lack of compute
power. In this architecture, depthwise separable convolutions which
significantly reduce the size and complexity of the model are used to
construct a light-weight deep CNN. Normally, the model size is the
primary concern in the establishment of small networks. In MobileNet,
however, the primary concern is the optimization of delay [20].

NasNet. Google researchers created an Automatic Machine Learning
(AutoML) technique named Neural Architecture Search Network
(NasNet) that can build a novel neural network using machine
learning techniques (based on a certain dataset). The system transfers
the best learned architecture on small datasets such as AutoML and
CIFAR10 to large datasets such as ImageNet. NasNet has two distinct
versions including NasNetLarge and NasNetMobile [21].

Classification of EEG signals

Support Vector Machines (SVM) is a machine-learning algorithm
based on the structural risk minimization principle that is extensively

Fig. 3. Decision support system employed in the study.

Table 1
Dimensions of feature vectors resized for each CNN model.

Model Feature Size Parameters

VGG16 4096 138M
VGG19 4096 143.6M
ResNet50 2048 25.6M
DenseNet201 1920 20M
MobileNet-V1 1024 4.2M
NasNetMobile 1056 5.3M
NasNetLarge 4032 89M
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used for classification problems [22]. The primary goal of SVM is to find
out the optimal hyper plane for the classification and employs its de-
cision function to differentiate two classes. Eq. (1) demonstrates the
decision function used in SVM classification:
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In this equation, αi indicates Lagrange multipliers, xi indicates
support vectors, and b indicates bias [23,24]. When linear discrimina-
tion is not applicable, the following kernel function can be used instead:
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Here, σ and d represent kernel parameters.

Performance evaluation

An objective performance evaluation of the CNN models used in the
study was administered using k-fold cross-validation. A 10-fold cross
validation was implemented and the dataset was divided into 10 folds,
of which 9 folds were used for the training and the remaining one fold
for testing. The same procedure was repeated for each part.
Subsequently, the performance of each model was calculated as the
average value of 10 folds. The classification performance of each model
was evaluated based on the parameters including sensitivity, specifi-
city, False Positive Rate (FPR), False Discovery Rate (FDR), F1-score and
AUC [25]. These parameters were defined using the Confusion Matrix
shown in Fig. 4.

True-positive (TP): Number of left hemispheres identified correctly
False-negative (FN): Number of left hemispheres identified in-

correctly
True-negative (TN): Number of right hemispheres identified cor-

rectly
False-positive (FP): Number of right hemispheres identified in-

correctly
The sensitivity and specificity values were calculated using the

following formulas:

=
+

×Sensitivity TP
TP FN

100
(4)

=
+

×Specificity TN
TN FP

100
(5)

= +
+ + +

Accuracy TP TN
TP TN FP FP (6)

=
+

False Positive Rate FP
FP TN (7)

=
+

False Discovery Rate FP
FP TP (8)

= ∗ ∗
+

F Score Precision Recall
Precision Recall

21 (9)

In clinical practice, laboratory parameters, clinical observations,
and various diagnostic methods are commonly used to assess the
wellbeing of individuals. By using these methods, a positive or negative
diagnosis is made for each unit by comparing the measurement to the
cutoff value. Receiver Operating Characteristic (ROC) is a graphical
plot displaying sensitivity or True Positive Rate (TPR) as the y co-
ordinate and the 1-specificity or FPR as the x coordinate across a series of
cutoff points. The area under the ROC curve is used as a scale for de-
termining the superiority of a diagnostic procedure over the others. A
higher AUC indicates a better overall diagnostic performance for test in
the prediction of a disease [26,27]. Based on these facts, we also cal-
culated AUC as a criteria for the performance evaluation of the models
used in the study.

Results

A spectrogram was created for each EEG channel. Each spectrogram
was calculated using a 48-ms Hamming window corresponding to
16ms, with a 256-point fast Fourier transform and an image dimension
of 875×656. Fig. 5a and b show the transformation of EEG signals into
a spectrogram in a right-hand dominant and a left-hand dominant
subject, respectively.

Since the image input dimension varies across CNN models, each
spectrogram was resized as appropriate to each model. Table 1 presents
the dimensions resized for each CNN model. A feature vector was
constructed for each model and these feature vectors were used for SVM
classification of EEG signals. In the classification, SVM was performed
with different kernel functions including linear, Radial Basis Function
(RBF), and polynomial along with a range of C values [10−3, 10+3].
Feature extraction was performed by using all the 18 channels of EEG
signals as the input to CNN.

Table 2 presents the performance values obtained via SVM classi-
fication for each CNN model as well as the Sen (%), Spe (%), NPV (%),
FPR (%), FDR (%), Acc (%), F1 score (%) and AUC values for different
kernel functions.

The classification results can be analyzed based on the specificity
and sensitivity values. However, as these parameters do not provide
information regarding the accuracy of the classification, they needed to
be supported by ROC curve analysis and F1-score analysis. Receiver
Operating Characteristic (ROC) analysis is commonly used to quantify
how accurately a diagnostic test can discriminate between two states.
The discriminatory power of the test increases as the ROC curve gets
closer to the upper left corner. Moreover, a higher AUC indicates a
better overall diagnostic performance for test. Considering that AUC
indicates the predictive value of diagnostic tests, it was employed to
evaluate the classification performance of the features extracted via
each CNN model. It was revealed that VGG16 had the highest AUC
value (0.83 ± 0.05). (Fig. 6a). Fig. 6 illustrates the ROC curves for
each CNN model in the respective order presented in Table 2 and Fig. 6
presents the AUC values calculated for each CNN model based on the
ROC curves.

Discussion

Speech laterality is typically determined using invasive methods
such as intracarotid amobarbital procedure (Wada testing) or imaging
techniques such as fMRI. However, to our knowledge, there has been no
study in the literature reporting on the determination of speech later-
ality via EEG signals. In the present study, we aimed to determine
speech laterality by using EEG signals with machine learning techni-
ques. To this end, we employed various CNN models and also evaluated
the performance of each model in the classification of EEG signals.

The structure of a spectrogram derived from EEG data differs
markedly between right- and left-hand dominant individuals with aty-
pical speech lateralization. As can be seen in the spectrograms of our
subjects (Fig. 5), the frequency distribution of signals differs betweenFig. 4. Confusion Matrix.
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right and left-hand dominant individuals. However, although these
differences are not discernible by naked eyes, they are represented in
the frequency domain.

Feature extraction has a direct effect on the classification perfor-
mance of CNN models. Accordingly, we employed several CNN models
(VGG16, VGG19, ResNet, MobileNet, and NasNet) for feature extraction
to obtain more reliable results. These models were administered for the
extraction of both separate and concatenated features in all the 18
channels and each extracted feature was evaluated separately.
Meaningfully, the higher classification performance achieved by the
extraction of the features of all EEG signals indicates that the con-
catenated features have a higher representation power (Table 2).

In a study conducted in 1990, Wyllie et al. determined hemispheric
dominance for language by using Wada testing and defined the speech-
related regions in the dominant hemisphere as posterior temporal
(Wernicke’s area), frontal (Broca’s area), and basal temporal regions
[28]. Recent studies, however, have shown that aphasia may be present
in other deep brain regions such as thalamus and thalamic lesions are
associated with aphasia [29–31]. Based on these findings, it is tempting
to consider that the speech center may not necessarily be localized in a
specific region in the dominant hemisphere but rather can affect mul-
tiple regions including deep brain structures. This assumption, then,
explains the remarkably high discriminatory ability of the CNN models
in our study that employed the feature-maps obtained from all the
channels used in EEG signals.

In our study, the SVM algorithm with appropriate parameters
(learning environment, error of premature termination) was employed
to provide an accurate classification of the features extracted via deep

learning layers. The SVM parameters were combined with each other
based on the characteristics of each CNN model. Moreover, different
kernel functions were used for the classification, which further in-
creased the success of the classification.

As seen in Table 1, both VGG16 and VGG19 have higher compu-
tational complexity compared to other deep CNN models [15]. In
contrast, MobileNet and NasNetMobile are the models with the lowest
computational complexity, which have been developed for mobile de-
vices. VGG16 is the model with the lowest network depth. Nevertheless,
the increased network depth of a CNN model does not translate that the
model has the ability to solve any problem. Moreover, as each problem
typically involves distinctive features, all the CNN models may not exert
the same effect on the same problem. In our study, VGG16, which has
lower network depth compared to other CNN models, provided a more
effective outcome for the problem compared to other models. Ad-
ditionally, it should be recognized that the extent of the data used in the
study was also effective on the analysis results.

The study evaluated the effectivity of the CNN models based on
several parameters including Sen, Spe, NPV, FPR, FDR, Acc, and F1
Score, respectively, and revealed that VGG16 had the highest diagnostic
performance. Moreover, VGG16 attained the highest F1 score (0.7421),
which is calculated as the harmonic mean of parameters including
specificity, sensitivity, precision, and sensitivity (recall), and also at-
tained the highest Acc value (0.7603) which represents the overall
accuracy of the classification (Table 2).

The calculation of ROC curve and AUC for each CNN model in-
dicated that VGG16 had a higher AUC value (0.83 ± 0.05) compared
to all other models, implicating that the features extracted via VGG16

Fig. 5. (a) Spectrogram in a right-hand dominant subject, (b) Spectrogram in a left-hand dominant subject.

Table 2
Results of SVM classification performed with the use of all channels (Sen: Sensitivity, Spe: Specificity, Acc: Accuracy, SD: Standard Deviation, NPV: Negative
Predictive Value, FPR: False Positive Rate, FDR: False Discovery Rate).

Model Kernel function Sen Spe NPV FPR FDR Acc F1 score AUC ± SD

VGG16 Poly 0.7222 0.7952 0.7579 0.2047 0.2367 0.7603 0.7421 0.83 ± 0.05
VGG19 Rbf 0.5920 0.8206 0.6875 0.1793 0.2489 0.7114 0.6621 0.76 ± 0.04
ResNet Poly 0.6996 0.7269 0.7258 0.2730 0.2991 0.7139 0.7002 0.78 ± 0.04
DenseNet Rbf 0.5729 0.8380 0.6821 0.1619 0.2361 0.7114 0.6547 0.77 ± 0.05
MobileNet Rbf 0.6180 0.6841 0.6620 0.3158 0.3586 0.6525 0.6295 0.70 ± 0.05
NasNetMobile Poly 0.6423 0.6613 0.6693 0.3380 0.3654 0.6525 0.6384 0.72 ± 0.06
NasNetLarge Rbf 0.3976 0.8095 0.5951 0.1905 0.3438 0.6127 0.4951 0.65 ± 0.05
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Fig. 6. ROC curves for each CNN model. (a) VGG16, (b) VGG19, (c) ResNet, (d) DenseNet, (e) MobileNet, (f) NasNetMobile, (g) NasNetLarge.
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had a higher discriminatory ability compared to those of other CNN
models (Fig. 6a).

Nevertheless, although this AUC value was close to 1, the value
which indicates excellent discriminatory ability, it is not sufficient to
confirm that this model is practically feasible. Nonetheless, the present
study is a pioneer investigation into the determination of speech la-
terality via EEG signals and the classification results obtained in the
study are promising and lead the way for subsequent studies though not
practically feasible.

Conclusion

The present study aimed to determine speech laterality by using
EEG signals with machine learning techniques. Although other techni-
ques Wada testing and fMRI have been commonly used for the de-
termination of speech laterality, both of them have been shown to have
several disadvantages; Wada testing has been shown to be an invasive
and difficult technique and fMRI has been reported to be a time-taking
technique which is also difficult to access.

The present study is a pioneer investigation into the determination
of speech laterality via EEG signals with machine-learning techniques,
which, to our knowledge, has never been reported in the literature.
These machine-learning techniques consisted of various CNN models,
all of which were used for feature extraction and evaluated with regard
to their performance in the classification of EEG signals. However, al-
though the classification performance levels of the models were rela-
tively higher than those reported in the literature, these levels were
found to be inadequate to enable these models to be used in general
practice. Nevertheless, considering that Wyllie et al. found that 5 out of
66 right-hand dominant subjects had right-hemisphere dominance and
3 out of 6 left-hand dominant subjects had left-hemisphere dominance,
the overall accuracy level of∼80% attained by the CNN models used in
the present study seems highly conceivable. Moreover, this limitation
could be attributed to the paucity of data regarding the classification
and evaluation of EEG signals and to the requirement of larger datasets
for deep learning-based classifications.

The present study, as a pioneering investigation of the determina-
tion of speech laterality via EEG signals in lieu of time-taking proce-
dures such as fMRI and invasive methods such as Wada testing, will
provide significant support to neuroscientist in terms of the training of
CNN models.

Future studies are recommended to:

- Substantiate our findings by evaluating larger datasets,
- Provide clearer results by evaluating individuals previously identi-
fied with right- or left-hemisphere speech dominance on Wada
testing or fMRI, and

- Evaluate speech laterality in small healthcare centers once the re-
sults of the present study become feasible.
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