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Abstract: Functional Connectivity analysis using Electroencephalography signals is common. The
EEG signals are converted to networks by transforming the signals into a correlation matrix sand
analyzing the resulting networks. Here, four learning models, namely, Logistic Regression,
Random Forest, Support Vector Machine, and Recurrent Neural Networks, are implemented on
two different types of correlation matrices: static and dynamic (time-resolved), to classify them
s either on their psychometric assessment or the effect of therapy; These correlation matrices are
different from traditional learning techniques in the sense that they incorporate theory-based
graph features into the learning models, thus providing novelty to this study. The EEG data
used in this study is trail-based/event-related. The classifications based on RNN provided higher
accuracy( 74-88%) than the other three models( 50-78%). Instead of using individual graph
features, 11 a correlation matrix provides an initial test of the data. When compared with the
time-resolved 12 correlation matrix, it offered a 4-5% higher accuracy. The time-resolved correlation
matrix is better 13 suited for dynamic studies here; it provides lower accuracy when compared to
the correlation 14 matrix, a static feature.

Keywords: EEG; Emotional States; Working Memory; Depression; Anxiety; Graph Theory; Classi
fication; Machine Learning; Neural Networks.

171. Introduction

1s Electroencephalography (EEG) is a commonly used neuroimaging tool. Its applica 1
tion ranges from; clinical capacity such as sleep disorder studies, seizure detection to
commercial circumstances such as EEG-controlled games[1].The EEG data is a matrix,
21which consists of electric potentials. This form of EEG data makes it easy to use
machine 22learning models[2]. With its high temporal resolution, EEG data can provide
information 2sregarding the functional connectivity within the brain, thereby providing a
topological 2« understanding of the functioning of the human brain[3].This is usually
carried out by 2stransforming the electrical potentials into a correlation matrix[4].

To understand the functional aspects of the brain under conditions of executive »
functions and emotional states viz. depressive or anxious, it is vital to study them in 2
terms of networks and the best way to do it, but with the help of EEG signals. At 2
present learning, models use either the properties of the EEG signal such as amplitude,
wfrequency, or event-related potentials as features or graph properties such as centrality
measures which are nodal metrics, or edge metrics such as shortest path length.
Network analysis and Learning models on neuroimaging data have enabled re
searchers to study the human brain’s functional and structural connectivity [5].Here,
graph metrics are used as features for a deep learning model, apart from the standard
spectral and temporal characteristics that are traditionally used[6].Different static and
dynamic features are studied to understand which features are best suited for visual
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working memory tasks[7]Both CNN and RNN are tested and validated for their
performance on the datasets.

Previous work on emotional states such as depression and anxiety in the space of EEG
and machine learning was carried out using signal features such as power or frequency
bands[8].Learning models such as probabilistic, nearest neighbor, neural network, and
tree-based have been implemented on DASS scores, here the random forest model
provided accuracy in classification of three states, i.e., depressive, anxious or stressed at
84%, 85%, and 84%[9,10].

A study, clinically depressed patients and normal controls with the implementation of
learning models on EEG signals using features such as frequency bands and non linear
features such as detrended fluctuation analysis (DFA), Higuchi fractal, correlation
dimension, and Lyapunov exponent provided an 83.3% accuracy while using logistic
regression[11]. Similarly, visual and verbal working memory studies using EEG have been
carried out using event-related potentials(ERP’s) and the subsequent construction of
functional connectivity of these ERPs[5]. Study using EEG and deep learning models
involves EEG signals broken into smaller windows for training and testing[12].The high
temporal resolution being the nature of EEG signals adds an additional step into curating
these smaller datasets for analysis. This step can induce a bias based on cognitive noise
between participants. An SVM implementation to classify Schizophrenic patients and
healthy controls based on working memory task yield an accuracy of >74%][13].

Learning models on EEG data recorded during visual short-term memory task included
SVM and Random forest, which used raw EEG signals and the psychometric assessment
scores and reaction times which provided an accuracy of approximately 90%[14]Other
implementations of SVM using frequency bands as features on similar psychological tests
yield a 98% accuracy[15]While using ERPs in the time domain, power e spectra and
eye-tracking as features provided accuracy in the range of 40% to 60%][7].

& Given that the intermediate step between EEG signal analysis and functional con
nectivity analysis is the use of a correlation matrix; In this study, we explore the utility 65 of
the same along with a time-resolved correlation matrix for a comparative learning model
study. The comparison of the two correlation matrices can shed some light on s the nature
of EEG activity in these emotional and cognitive states. Here the EEG data s for working
memory and emotional states are used from a total of 359(25(DASS21), « 122(Selection
Task), 29(WM-Lab), 27(Visual-WM+drug) & 156(Verbal-WM))participants. .« Both EEG data
and associated psychometric assessment scores are used for the learning -+ model study.
Two high-accuracy models, i.e., recurrent neural network and Random - forest, belong to
the neural networks method and ensemble method. And two high = interpretable models,
a kernel-based method- Support Vector Machine and the Logistic «Regression model, are
examined and compared.

2. Results

The performance of RNN classifiers shows up to 94.50% and 88.64% accuracy for each
of the working memory tasks, which outperforms most of the previous works reviewed.
The performance of R.F. and L.R. classifiers are relatively sub-par compared to RNNs but
still comparable to previously obtained results. The poor performance of SVMs highlights
the shortcomings of the method adopted in this study in algorithms that are sensitive to
the dimensions of the data. The impressive performance of RNNs can be attributed to
their innate ability to extract correlated features, which are not visible in traditional
statistical methods, within the data with the help of their stacked networks and activation
functions. The standard performance of R.F. and L.R. algorithms highlights the validity of
the method adopted in this study and the enormous scope it provides for further
improvement.

Further the data from the public database provides higher accuracy in all four models
when compared to the in-house data. On an average there seems to be a difference of
40-60% accuracy between the two groups.
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2.1. Figures, Tables and Schemes
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Figure 1. DASS 21 questionnaire example.

Table 1: Classifying Emotional States from the DASS 21 Data

Emotional State/ Logistic | Random | SVM RNN
regression | Forest

(% accuracy of model)

Depression 35.06% 28.60% | 27.60 34.75
% %

Anxiety 28.40% 34.45% | 30.85 | 38.85
% %

Stress 31.10% 33.20% | 31.70 | 36.40

% %
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Figure 2. Support Vector Machine
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Figure 3. Random Forest
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Figure 4. Recurrent Neural Network

Table 2: Accuracy of Classifying Emotional States from the Probabilistic Selection Task

Data
Emotional State/ Logistic Random | SVM RNN
Learning Model Accuracy | Regressio Forest
n
Depression 71.33% 73.46% | 61.78 88.64
% %
Anxiety 64.56% 78.66% | 65.27 | 80.75%
%
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3. Discussion

Implementation of learning models on imaging data to study emotional states provided
reliable results in the past[16]. With the use of both high accuracy(RNN and R.F.) and high
interpretability (SVM and L.R. model), we can look for nonlinear relationships, non-smooth
relationships, along well-defined relationships. The present study demonstrated that a
correlation matrix can be used in learning models and provides good accuracy. Further
yielded higher accuracy rates with well-structured data obtained in a controlled
environment, as were the working memory tasks, indicating superior discriminatory
performances when assessing mental tasks. In addition, the present study is
discriminatory towards poorly collected and insufficient data.

11 From running the classification models on both types of datasets: correlation and o
time-resolved correlation matrices, we find that the two classification models: Random 103
Forest Classifier and RNN classifier perform relatively better when the correlation is 14 not
time-resolved. The performance dips across both the Verbal Memory and Working 105
memory datasets for time-resolved correlation. This provides scope for further research 1
as to why dynamic methods may not be a better fit for Neural Networks and Decision o7
trees based classification models.

The engagement of participants in the five experimental paradigms is by nature dynamic
states of EEG activity. With this in mind, the use of a time-resolved correlation matrix is
explored alongside the correlation matrix, both features of the time domain of the signal.
Since the results indicate the use of the static feature is most suitable for such cognitive
states, it sets the stage to explore the other static and dynamic features of trail-related
EEG data. At this stage, this investigation sets the stage for exploring the possibility of
using these features as markers for the cognitive footprints of psychopathologies such as
memory and emotional state deficits.

The results indicate that using graph metric for static features is optimum. Using
computerized administration of the test’s rules out pressure to perform or be dishon est.
This study compares learning models on similar paradigm EEG data helps with functional
connectivity study.

3.0.1. Limitations

Although RNN and random forest models providing high accuracy, both these > methods
have longer run times when compared to the other two. In the current study, +2sthe lack of
defined healthy control groups across the datasets can be addressed, which 4 can help
improve the accuracy of the models. This imbalance can be addressed using s larger
data and a robust learning model[17]. Single trials in the case of in-house data s set and
using DASS 21 for the first time as a computerized test and EEG could explain 2rthe lower
accuracy across the models associated with this data. This also applies to the 15 visual
working memory data recorded in the lab. Using graph features on the EEG data 1 is
time-consuming because graph features can range from nodal metrics to local/global 1
network characteristics that need to be considered features. Simultaneously cheery 1
picking graph metric(s) can introduce a bias that has to be considered into the study and 12
address at a later point with defined statistical analysis.

4. Materials and Methods
4.1. Data sets

In this study, five EEG data sets are used, of which two were recorded in-house and three
are from a public database. Among the two recorded in-house, 25 participants are from
Sternberg Visual Working Memory Task, and 29 participants are from the DASS 21
questionnaire (approved by the Institute Research Ethics Committee (IHEC-40/16-1))
using a 32 Channel EGI geodesic system(appendix figure A1.). From the OpenNeuro
dataset, 122 participants from Probabilistic Selection Task(OpenNeuro Dataset Accession
Number: ds003474) is recorded using a 64 channel Synamps system, 156 participants
from Verbal working memory Task(OpenNeuro Dataset Accession Number: ds003565) is
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recorded using a 19 channel 10-20 system Mitsar-EEG-202 amplifier, and 27 participants
from visual working memory task(OpenNeuro Dataset Accession Number: ds003519) are
used. A total of 359 participants’ EEG data is used here.

DASS 21 questionnaire is a 21 item self-administered test; this test contains seven sets of
questions to assess the three emotional states; depressive, anxious, and stressed. A
participant responds with a score ranging from 0 to 3, with 0 meaning never and three
meanings almost always. Scores for each category are cumulative; a rating between
normal to severe is provided at the end of the test. These scores are then used in s
classifying the participants for the training dataset(See figure 1.).

The task, Probabilistic Selection and Depression(public database), has two tests, the Becks
Depression Inventory and the State-Trait Anxiety Inventory[18]. The scores of these tests
again range from normal to severe. For the Probabilistic Selection Task[19]the 1ss
participants were administered the Beck Depression Inventory(BDI) and State-Trait Anx 1ss
iety Inventory(STAI). Here, BDI scores that are lesser than or equal to 19 are considered s
zero, and greater than or equal to 20 as one; likewise, for STAI scores, equal to and lesser
issthan 55, are considered as zero and greater than or equal to 56 as one.

19 Visual working memory(in-house recording) is a modified Sternberg working 1o memory
task(Designs, 2021), which involves a visual chart that needs to be memo
rized/committed to memory, followed by tasks to complete based on the recollection of 1:
the chart from memory.

163 Visual Working Memory + Cabergoline(1.25 mg) Challenge(public database), here 1w a
drug that can improve memory functions and placebo is administered to a small group 1 of
participants. The placebo and drug groups are used for classification. For the Visual 1es
Working Memory+Cabergoline[20]challenge data, two sessions are carried out for each e
participant, one with a placebo and the other with the drug. Here the placebo is treated 1ss
as zero and drug administered session as one[21].

1s0 Finally, Verbal working memory(public database)[22] consists of the EEG recorded win a
modified Sternberg working memory paradigm with two types of tasks: with mental
manipulations (alphabetization) and simple retention (TASK) and three levels of load: 5, 17
6, or 7 letters to memorize (LOAD). Apart from exploring the utility of the correlation 1
matrix, a comparison between the data recorded in-house and the public database is 1
carried out using the accuracy of the models.

1754.2. Methods
1764.2.1. Data Processing

177 Given the sensitivity of the EEG signals, it is imperative to preprocess them before 7z any
other analysis of the data is carried out. Therefore; the EEG data is filtered to remove wsline
noise(50 Hz), bandpass filters, removal of bad channels, and artifact removal, and 1 this
data is converted into a correlation matrix and time resolved correlation matrix; 11 these
operations are carried out on the Brainstorm package[23]Jon MATLAB.

4.3. Learning Models

After preprocessing and feature extraction of the original EEG data, the correlation
matrix is used as input to different classifiers, including traditional machine learning
algorithms and neural networks tuned in line with our data. The models used are
Logistic Regression, Random Forest, Support Vector Machine, and Recurrent Neural
Networks(RNN) to classify the EEG data. The performance evaluation of the different
classifiers is examined using a confusion matrix, whose components are T.P., TN, F.P,,
F.N. Further, the accuracies are calculated using these measures, using the formula:

Accuracy = (TP + TN)/(TP + FP + TN + FN) * 100 (1)

T.P.: True Positives T.N.: True Negatives F.P.: False Positives F.N.:False Negatives.

4.3.1. The Logistic Regression Model (LR)
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15 A Logistic Regression model with Gaussian Kernel and Laplacian Prior is used for s
classification. The Gaussian kernel optimizes the separation between data points in the 1e7
transformed space obtained in preprocessing, while the Laplacian Prior enhances the 1ss
sparseness of learned L.R. regressors to avoid overfitting(Wu et al., 2018). A multinomial s
L.R. model where the probability that an input feature xi belongs to class k is given by:

exp(w(

p(y; = Kix; w) = h(x))

5" 1expw®n(wyy @)
100 : feature vector
X
191 K: class
h(x;): linear transformation function of x;

192
193 W: logistic regressors

1144.3.2. Support Vector Machine (SVM)

19s Apart from the application of SVM on EEG data, implementation of SVM on 1 MRI data
to classify between major depressive disorder and bipolar disorder provided 7 accuracy
upto 45% to 90%[24]. The main reason behind using SVM is to leverage its 1 relatively
less computational power to produce a significant accuracy and to reduce 1 possible
redundant information (which is very common in EEG datasets) residing in 20 the data.
The input data is mapped to a higher dimensional vector space using a linear 21 kernel
function to find a hyperplane for classification.

wkxz-b=0(3)

200 W: normal vector
203 b: bias of separation of hyperplane

244.3.3. Random Forest (RF)

2s A Random Forest classifier that uses an ensemble learning approach towards 2o
prediction is used. R.F. classifier works in a similar way as the decision tree classifier, 27
only with an ensemble learning approach added to it. The first step is the creation of 2
many random decision trees, each predicting a particular class according to the features 2
given to it. Once each tree predicts a class, voting is carried out to take into consideration 21
the final class according to a majority. The output is then the class that has the majority 2n
voting.

2124.3.4. Recurrent Neural Network (RNN)

Previous work on the implementation of neural networks on EEG signals has
been fruitful, which provided accuracy in the range of 81% to 94%[25]. RNN was a
good model for studying both working memory[26,27] and emotional state[28] EEG
data when compared to other models such as SVM or deep belief networks[29]on that
note the following RNN model is implemented. The RNN is implemented through a
Long Short Term Memory (LSTM) model[6,30], producing exemplary results on
sequential data, such as EEG data. A sequential model is used to build the LSTM,
which is a linear stack of layers. The first layer is an LSTM layer with 256 memory units,
and it defines the input shape. This is done to ensure that the next LSTM layer receives
sequences and not just randomly scattered data. The next layer is a Dense layer with a
'sigmoid’ activation function. A dropout layer is applied after each LSTM layer to avoid
over-fitting of the model. The model is then trained and monitored for validation
accuracy using loss as ’binary cross-entropy, optimizer as 'adam’ and metrics as
‘accuracy.’

@)= 1IN S5 log(p(y)) + (1 - y) * log(1 = p(y) (4)
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H(q): binary cross entropy

p(y;): probability of belonging to class y;

5. Conclusions

The time-series nature of the EEG data, which is an effective form of neuroimaging data.
Using such EEG datasets recorded on the working memory and emotional state
assessment paradigms, The Previous work on implementing learning models on EEG data
consists of using features from the signal processing field. These studies provide an
insight into the possible electrical activity of each lobe(s) associated with the behavior.
However, they fall short while explaining the possible functional connectivity between the
regions of the brain. The application of the correlation matrix can be implemented as a first
step into choosing the appropriate learning model for studying the emotional or working
memory EEG data. This study reveals that using a correlation matrix instead of a
time-resolved correlation matrix even under trail-based EEG data is a better-suited input
for learning models when compared to a dynamic feature such as the time-resolved
correlation matrix. This brings us to the experiments themselves. The memory tasks and
psychometric assessment tests-BDI, STAI and DASS 21, involve different brain regions,
given that they have to be functionally connected to respond to the questions in these
tests. This study provides a basis for studying the cognitive footprints for memory deficits,
depression, anxiety and stress. Further, it is observed that RNN performs the best
compared with the other three models implemented in this study.

233 Author Contributions: Conceptualization, Gautam Kumar and Veeky Baths; methodology, Bhar
234 gav Prakash; software, Bhargav Prakash; validation, Gautam Kumar and Bhargav Prakash; formal
235 analysis, Gautam Kumar and Bhargav Prakash.; investigation, Gautam Kumar and Bhargav; 236
resources, Veeky Baths.; data curation, X.X.; writing—original draft preparation, Gautam Kumar 237
and Bhargav Prakash; writing—review and editing, Veeky Baths; visualization, Bhargav Prakash 235
and Gautam Kumar; supervision, Veeky Baths; project administration, Veeky Baths; funding 239
acquisition, Veeky Baths. All authors have read and agreed to the published version of the 240
manuscript.

241 Funding: We thank the Department of Science and Technology, Government of India for the 24
grant(SR/CSRI/50/2014(G))and Department of Biological Sciences, BITS, Pilani -K.K. Birla Goa 213
Campus for the infrastructure support.

24 Institutional Review Board Statement: The study was conducted according to the guidelines of
25 the Declaration of Helsinki, and approved by the Institutional Ethics Committee of Birla Institute 246
of Technology and Science, Pilani (IHEC-40/16-1).

27Informed Consent Statement: Informed consent was obtained from all participants involved in 24
the study. Written informed consent has been obtained from the participants to publish this paper.

249 Data Availability Statement: In-house data shall be provided on request.

250 Acknowledgments: We thank the Department of Science and Technology, Government of India
251 for the grant(SR/CSRI/50/2014(G))and Department of Biological Sciences, BITS, Pilani -K.K. Birla
252 Goa Campus for the infrastructure support.

253 Conflicts of Interest: Declare conflicts of interest or state “The authors declare no conflict of 2s4

interest.

s Appendix A
ss Appendix A.1


https://doi.org/10.20944/preprints202106.0509.v2

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 July 2021 d0i:10.20944/preprints202106.0509.v2

EGI Hrdmte:m LT :E-:Eﬂnif;p\rri:
=1
@ O
@
o 0 %0 o
Eﬁ ; k ., 3
po %/ 7 500 q
| || ! - et 3 i . | ||
i f EI iy |
=yt [ {Ié) I|

.;:}- —
Jaf- g s

| e I . 1
I'. {:} T \ . '-- MG- ; ) .E} .'I
, * f
i .'-.\. D % "1 ’- g o p ; ! _.'I
F. L i f i
. "".\_ H\h o N .-..- & .
b h" 4 A - - . -
", s
‘-\\x o000 S /
e e i — 2 -
‘I"\-\._ ] i >
e
e
o o e CE EGI

it BRTTE B
8 il e o e e W S R

Figure A1. EEG Sensor Placement.

Table 3: Accuracy of Classifying Placebo vs Drug induced Memory Task conditions

Condition Logistic Random SVM RNN
regression Forest (% (% (%
(% accuracy) accuracy) accuracy)
accuracy)
Placebo 73.60 80.40 73.50 90.20
Drug 71.80 81.60 76.80 92.80
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forest — 65.50%

forest — 69.40%

5 6 7
Logistic Logistic Logistic
regression — regression — regression —
66.66% 59.40% 61.10%
Random Random Random

forest — 76.70%

forest — 70.60%

SVM - 55.60%

RNN —74.80%

forest — 65.80%

SVM - 50.20%

RNN - 70.60%

SVM -60.15% SVM - 59.80% SVM —

RNN — 75.86% RNN - 70.40% 54.70.10%
RNN —
71.50%

Logistic Logistic Logistic

regression — regression — regression —
68.70% 66.40% 63.40%
Random Random Random

forest — 68.30%

SVM - 53.30%

RNN - 79.60%

Table 5: Participants of Modified Sternberg Working Memory Task
accuracy) SVM (% accuracy)
Logistic Random Forest (% accuracy)
regression (% (% accuracy) RNN
Participant 01 12.5 37.5 28.60 12.5 Participant 02 25 28.30 28.60 28.60
Participant 03 14.30 37.5 14.30 14.30
Participant 04 50 12.5 25 25 Participant 05 25 25 25 28.60 Participant 06 25
12.512.5 14.30 Participant 07 14.30 42.90 12.5 50 Participant 08 12.5 25 12.5
12.5 Participant 09 50 28.60 22.22 25 Participant 10 75 50 14.60 14.60
Participant 11 12.5 12.5 28.60 22.22 Participant 12 37.5 50 11.11 12.5
Participant 13 28.60 14.30 25 28.60 Participant 14 12.5 12.5 37.5 14.30
Participant 15 25 25 37.5 25 Participant 16 25 12.5 12.5 12.5 Participant 17
28.60 25 50 33.33 Participant 18 12.5 37.5 25 14.60 Participant 19 50 12.5 37.5
25 Participant 20 14.30 14.30 14.30 12.5 Participant 21 25 37.5 14.30 12.5
Participant 22 12.5 25 22.22 14.30 Participant 23 14.30 25 28.60 25 Participant
24 25 12.5 12.5 28.60 Participant 25 50 28.60 12.5 12.5
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