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Abstract 
Recently, the COVID-19 emerged in China and propagated around all the 
world has threatened millions of people and affected most countries and gov-
ernments at several sides such as economical, educational, tourism, health-
care, etc. Indeed, one of the most important challenges that directly affect the 
people is the psychological side due to the harsh policies imposed by public 
authorities in most countries. In this paper, we propose a framework called 
CRISE that allows studying and understanding the psychological effect of 
COVID-19 during the lockdown period. Mainly, CRISE consists of four data 
stages: Collection, tRansformation, reductIon, and cluStEring. The first stage 
collects data from more than 2000 participants through a questionnaire con-
taining attributes related to psychological effect before and during the lock-
down. The second stage aims to preprocess the data before performing the 
study stage. The third stage proposes a model that finds the similarities 
among the attributes, based on the correlation matrix, to reduce its number. 
Finally, the fourth stage introduces a new version of Kmeans algorithm, 
called as Jaccard-based Kmeans (JKmeans), that allows to group participants 
having similar psychological situation in the same cluster for a later analysis. 
We show the effectiveness of CRISE in terms of clustering accuracy and un-
derstanding the psychological effect of COVID-19. 
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1. Introduction 

The importance of the public health sector comes from its role in protecting all 
other sectors from hazards such as infectious disease, outbreaks, and natural 
disasters. According to World Health Organization (WHO) [1], well functioning 
health care system requires several factors including a financing mechanism, a 
well trained and adequately paid workforce, reliable information to base deci-
sions and policies on, and well maintained health facilities to deliver quality me-
dicines and technologies. As a result, governments dedicate huge budgets for the 
sake of improving their health care systems functionality and increase the life 
expectancy. Mainly, such budgets help to support the healthcare industries (e.g. 
manufacturing medical equipment and drugs), to provide medical insurance for 
the largest possible population, to improve both patient-care capabilities and its 
potential for advanced clinical research. In addition to the local health care 
strategy, international organizations, such as WHO, work on wider scale and 
having a primary role in managing the international health within the united na-
tions system. This includes the monitoring of the public health risks, the coor-
dination of responses when health emergencies are detected, and the promotion 
of human health and well being. 

Unfortunately, the emergence of the COVID-19 has clearly shown the weak-
ness of the public health systems in both local and international levels, despite 
the massive budgets dedicated to build such systems. Due to its rapid spread, it 
affects more than 35 million people and causes the deaths of 1 million until the 
end of September, 2020. Consequently, the WHO declared the outbreak of 
COVID-19 as a global pandemic on 30 January 2020. Furthermore, COVID-19 
has caused major impacts at both country and people levels. On one hand, the 
pandemic has tremendously affect several sectors, especially economic and 
business, that leads, according to UNDP, to lose more than $42 billion of gross 
domestic product of countries and to increase the unemployment rate by 1.2%. 
On the other hand, the impact of the pandemic at the people level and their daily 
lives is extensive and has far reaching consequences. Particularly, one of the 
most critical effects of COVID-19 is the mental health and psychological impacts 
on population as a result of the strict policies and lockdown adopted in most 
countries. Thus, several psychological problems related to COVID-19 have 
emerged progressively during the lockdown and quarantine period such as 
stress, emotional disturbance, mood alterations, anxiety, depression, frustration, 
insomnia, and uncertainty. Therefore, studying and evaluating the mental health 
of population is becoming essential to fight against the psychological impact of 
COVID-19 during the lockdown. 

Indeed, the psychological reactions of COVID-19 pandemic are not the same 
for all countries and may differ from one person to another depending on sever-
al conditions such as age, income, culture, gender, job, etc. In this paper, we 
propose a framework called CRISE aiming to study the population mental health 
before and after the emergence of COVID-19. CRISE consists of four layers for 
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data studying and analyzing. The first and second stages aim to collect the data 
related to population mental health and preprocess them before the analysis 
process. The third stage aims to reduce the size of the collected data by intro-
ducing a model based on the correlation matrix. The last stage allows to group-
ing persons having similar mental health situations in the same clusters based on 
a new version of Kmeans algorithm, referred to as JKmeans. We evaluated the 
effectiveness of CRISE based on real collected data from more than 2000 persons 
while the results show an efficient clustering accuracy and clear understating of 
the pandemic psychological effect. 

The remainder of this paper is organized as follows. Section 0 presents an 
overview about techniques proposed for studying the impacts of COVID-19. In 
section 0, we present the CRISE framework while detailing each data stage. Sec-
tion 0.0.2 exposes the simulation and the discussion of the obtained results. Fi-
nally, section 3 concludes the paper and gives directions for future work. 

2. Related Work 

COVID-19 is bringing the world’s scientist and health professional together to 
accelerate the research and development process to fight against this new threat. 
Consequently, the number of published articles and preprints in the first six 
months of 2020 increased up to 50% compared to 2019 where most of them are 
dedicated to analysis the effect and understand the behavior of this pandemic 
[2]. In addition, new open access journals have been launched to review COVID-19 
preprints on a fast-tracked timeline while the peer-review process of articles re-
lated to this topic are accelerated 8 times than articles on other topics [3]. In 
such works, researchers are focused on studying the impacts of COVID-19 on 
several sides such as psychological [4], healthcare [5], economical [6], business 
[7], tourism [8], educational [9], etc. They aim to understand, analyze and pre-
dict the spread and behavior of COVID-19. 

Unfortunately, from the psychological impact point of view, most of the pro-
posed techniques prove that COVID-19 posed a negative effect on the mental 
health of the population. Thus, the spread of the Corona virus has led to high 
levels of anxiety and tension, insomnia and interrupted sleep hours, increased or 
loss of appetite, high rates of family violence, an increase in the number of di-
vorces and suicide [10] [11] [12] [13] [14]. These effects can turn into symptoms 
psychiatric illness, such as generalized anxiety disorder, obsessive-compulsive 
disorder, major depressive disorder, and post-traumatic stress disorder. 

In [15], the authors examine the number of respondents who experienced a 
clinically significant change in psychopathological symptom levels from pre- to 
post-outbreak assessment or significant levels of COVID-19-related traumatic 
distress. The psychological services and techniques and the computer-aided psy-
chotherapy had to react fast to the psychological problems that arose [16]. The 
contribution of the psychological interventions therapy like EMDR (Eye Move-
ment Desensitization and Reprocessing) [17] is considered as an “evidence-based 
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intervention in adults as early intervention, in the acute phase”. Then, it produces 
effects on the clinical reduction of symptoms and on the improvement of the 
functioning/quality of life. Thus, EMDR is an integrative method where patients 
take confidence in self-healing ability and reduce anxiety [18]. The authors of 
[19] [20] show the efficiency of computer-aided psychotherapy that is a compute-
rized information technology that used patient input to make some psychothera-
py decisions [19] [20]. Thus, computer-aided psychotherapy marks the possibility 
of applying data processing to solve psychological cases [21]. 

In [22], the authors surveyed the population in China to study the levels of 
psychological impact, depression, anxiety and stress during the initial phase of 
the COVID-19 outbreak. The survey included 1210 participants from various 
Chinese cities and it concluded that half of the participants reported the mental 
health as moderate-to-severe while one-third rated moderate-to-severe anxiety. 
The authors of [23] aimed to understand the impact of social distancing and 
isolation on the people mental health in Veitnam. They introduced a snowball 
sampling technique for selecting the participants and used the event 
scale-revised method to assessing the psychological impact of the pandemic. The 
results show that most participants reported moderate to extreme psychological 
conditions while the most affected people are female above 44 years old or hav-
ing a higher number of children, persons having neighbors affected by the pan-
demic, the elderly persons, health care professionals. In [24], the authors studied 
the anxiety level caused by the pandemic and its impact on the university stu-
dents in Malaysia. A survey dedicated to 983 students show that female gender, 
students having age below 18 years, pre-university level of education, and man-
agement studies were significantly associated with higher levels of anxiety. 

Unfortunately, although the proposed mechanisms and techniques carry 
many advantages and study the impact of COVID-19 on several sides especially 
psychological side, but they mainly suffer from several drawbacks: 1) the num-
ber of respondents/participants is of hundreds, but not thousands, level; 2) the 
proposed techniques are mostly limited to one analysis model while our me-
chanism proposes a framework with several phases and many analytical models; 
3) they do not mostly offer an analysis study for the psychological effect of par-
ticipants; 4) the accuracy of the proposed techniques are generally of low level 
due to the limited number of participants. 

3. CRISE Mechanism 

Unfortunately, the confirmed cases by COVID-19 are still rapidly increasing in 
most countries due to the absence of vaccines until today. Thus, the psychologi-
cal impact will continue to affecting additional millions of people around the 
world and drastically change their mental health. Subsequently, the psychologi-
cal impact can have several risk levels depending on the person situation if it is 
confined at home, quarantined, has neighbors or friends affected by COVID-19, 
etc. Hence, it is important to understand the mental health of different popula-
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tions and countries to provide interventions and government policies that re-
duce the psychological effect of the global epidemic. In this section, we introduce 
a new framework called CRISE that allows governments to be able to understand 
the psychological effect of the COVID-19 outbreak on their populations, then to 
design strategies and policies to reduce their impact. Heavily, CRISE uses data 
science techniques to classify persons that similarly affected by the pandemic 
and it is consisted on four stages described in the next sections. Figure 1 shows 
the architecture of the CRISE framework with various stages and algorithms 
used in each one. 

3.1. Data Collection Stage 

The first stage of our framework aims to collect data related to psychological 
impact of the COVID-19 pandemic. For this reason, we created a web-based 
survey composed of 22 questions launched between Mars and April, 2020. For 
the sake of ensuring the user’s privacy, the survey was respected the anonymous 
of the participants, without requesting any information related to the real iden-
tity, and it was announced through the social media and university systems. The 
survey was addressed to Lebanese population in various governorates where 
more than 2000 (e.g. N) persons were participated in this study. The questions of 
the survey were carefully formulated and divided into three main sections: 
• General questions: consists of 7 questions referred to the participant gender, 

age, educational level, major, hobbies, political and religion situations. 
• Psychological-based questions before the COVID-19 pandemic: this type of 

questions focused on the psychological and physical health of the participants 
before the outbreak of the coronavirus. They ask information about mental 
health and physical symptoms appeared before the emergence of virus with 
their severity, e.g. between 1 and 5, along with the hobbies performed to 
overcome such symptoms. 

• Psychological-based questions after the COVID-19 pandemic: the questions 
in this section are similar to those of the previous one however they aim to 
understand the participant situation after the lockdown period and the harsh 
policies settled by most governments. Consequently, we aimed to verify the 
new symptoms appeared with the virus and understand their severity. 

 

 
Figure 1. Architecture of CRISE framework. 
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Indeed, the traditional way of survey’s construction mostly contains mul-
tiple-choice questions that force the participants to select their answers among a 
set of predefined words. Unfortunately, such way of data collection is not accu-
rate, especially in the case of new disease (e.g. COVID-19), because the survey 
administrator may not be able to estimate all the participant reactions. Hence, 
our survey focused on free-text questions where the participants may express 
their actual situations using their own words. For instance, in the hobby field, 
the participant can insert a single or multiple words expressing their preferences. 
Although such data insertion can increase the complexity of the survey analysis, 
it allows a better understanding and deep comprehension of the psychological 
impact of the pandemic. 

3.2. Data Transformation Stage 

After the data being collected, the second stage of CRISE framework aims to 
preprocess the data before performing analysis task. The objective of the pre-
processing is to cleaning and filtering the data by removing redundancy and 
useless information that may complicate the mission of the decision makers. 
Mainly, the data preprocessing task in the data transformation stage follows two 
main steps: 

3.2.1. Feature Extraction 
Mathematically, we formulate the analysis problem of the COVID-19 psycho-
logical impact as follows: given the survey   consisting of a set of attributes 

{ }1 2 22, , ,A A A=  , where each attribute indicates a column. Then, we define 
the set of participants { }1 2, , , NP P P=  , where N is the total number of par-
ticipants. Each participant iP ∈  has its own set of records { }1 2 22, , ,iR r r r=   
correspond to the attribute list  , where ir  is the data related to the attribute 

iA . Therefore, our objective is to study and analyze the data sets in   using 
clustering approach in order to understand the behavior of psychological impact 
of COVID-19 in the participants. 

Indeed, due to the advanced nature of our survey, a participant may insert 
several values for each record i ir R∈ , which makes the analysis of participants 
as non-trivial task. Hence, we propose to extract the set of words 

{ }1 2, , ,iW w w wγ=   that define each attribute iA  based on the Algorithm 1. 
Basically, the algorithm takes, as input, the set of attributes with their record sets 
and returns a list of short word set for each attribute, e.g.  . The process starts 
by creating a word set for each attribute (lines 2-3), then we split each record in-
serted by a participant into several words. This is done by applying a function 
called split() that returns a list of words separated using a separator, for instance 
comma or space, defined by the user. Thus, only the unique and not repeated 
words are added to the final list of the attributes (lines 6-11). 

3.2.2. Data Binary Conversion 
In this step, we aim to uniform the various types of data in  . Since the  
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attributes are expressed in different data types (numerical, text, binary, etc.), it is 
important to convert them into the same type to be able to study the similarity 
between them. Hence, we propose a binary conversion algorithm that allows to 
transform the data in   into the binary form. Algorithm 2 shows the binary 
conversion process that takes the attributes of   and convert it into a binary 
matrix  . The idea behind our algorithm is to convert each attribute iA ∈  
into a set of attributes according to its word number in iW  (lines 2-5). Thus, 
each word will be transformed into an attribute where its records are filled by 1 
or 0 according to the participant if it inserted or not such word (lines 6-10). 

 

 
 

After applying the Algorithm 2, the data transformation stage will generate a 
binary matrix   of dimensions N α× , where the rows represent the partici-
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pants’ records and the columns indicate the new attributes with size α , as fol-
lows: 

1 2

1 11 12 1

2 21 22 2

1 2N N N N

A A A
P r r r
P r r r

P r r r

α

α

α

α

=  
 =  
 
 

=  







    



                   (1) 

Finally,   will be sent to the next stage in the CRISE framework for further 
analysis and process. 

3.3. Data Reduction Stage 

At the end of data transformation stage, the binary matrix may contain a mas-
sive number of attributes due to the binary conversion algorithm. This will pro-
vide two main challenges: first, it complicates the data processing operation 
during the data analysis, especially when the initial number of attributes in the 
survey becomes bigger. Second, some attributes may be correlated due to the si-
milarities between data inserted by the participants. Thus, eliminating attribute 
redundancy is becoming essential in order to not affecting the clustering accu-
racy in the next stage. Therefore, to overcome these challenges, the data reduc-
tion stage aims to search the correlations among the attributes, and then try to 
remove the correlated ones. Thus, this stage is consisted on two steps as follows: 
• Attribute Correlation’s Computation: in literature, one can find many tech-

niques for calculating the correlations between data sets such as association 
rules, principal component analysis, backward feature elimination, low va-
riance filter, etc. [25]. In this paper, we are interested in the correlation ma-
trix (CM) method that is considered as one of the most well-known and effi-
cient approaches in calculating feature similarities. Basically, CM is a square 
matrix that searching the similarity between pairs of features according to the 
Hamming distance. Then, features with high similarity are identified by 
thresholding the metric. Therefore, two attributes iA  and jA  are consi-
dered similar, based on the Hamming distance, if the difference between 
them is less than a defined threshold as follows: 

1
,

1
i j

N
r rk

i jH
N

=== ≤
∑

                       (2) 

where i ir R∈ , j jr R∈  and   is the Hamming distance threshold, in range 
[ ]0,1 , defined by the user depending on the application requirements. Indeed, a 
value of   close to zero will increase the number of attributes and lead to in-
crease the accuracy of the obtained results, and vice versa. In our simulation, we 
changed the value of   to several numbers in order to study its effect on the 
analysis. 

Thus, after calculating the similarity between all pairs of attributes, the CM 
will be represented as follows: 
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1 2

1,2 1,1

2,1 2,2

,1 ,2

0
0

0

A A A
H HA

H HA

H HA

α

α

α

α αα

=  
 =  
 
  =  







   




                  (3) 

• Attribute Correlation’s Elimination: in this step, let first define the list of 
similar pairs’ attributes among those calculated in the CM:  

( ){ },, such thati j i jA A H= ≤  . Our objective is to select a set of attributes 
among   to perform the data clustering stage in a way to remove the 
attributes similarity without affecting the accuracy of the obtained clusters. 
Algorithm 3 shows the process of eliminating the attribute similarity by tak-
ing the list of similar attributes, e.g.  , and returns the selected list of final 
attributes, e.g.  . Briefly, for each pairs of similar attributes, the algorithm 
selects one having more similar attributes and it added to the final list of se-
lected attributes (lines 2-4). Then, it deletes all the pairs from   containing 
one of similar attributes (line 5). 

 

 

3.4. Data Clustering Stage 

In machine learning, clustering is one of the most unsupervised algorithms that 
is used to classify unlabeled data into a set of clusters. Consequently, data within 
the same cluster will be more similar compared to those in other clusters. In the 
literature, clustering approach is broadly adapted to many sectors including, but 
not limited to, security, business, transportation, and healthcare applications 
[26] [27] [28]. Researchers have proposed several data clustering algorithms 
such as mean-shift, density-based spatial clustering of applications with noise, 
expectation-maximization using Gaussian mixture models, agglomerative hie-
rarchical, etc. However, K-means still the most well-known clustering algorithm 
that is used in a lot of introductory data science and machine learning classes. In 
this paper, we are interested in the K-means algorithm in order to group the 
participants affected similarly by the psychological COVID-19 impact into the 
same clusters. Thus, the data clustering stage allows psychiatrists to study the 
severity of COVID-19 inside each cluster to determine the appropriate treat-
ment. 
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However, we face two main challenges when using the traditional K-means 
algorithm: the selection of the cluster number (K) and the convergence criterion 
function. From one hand, selecting the number of clusters is a crucial decision 
because it determines the accuracy of the obtained clusters. On the other hand, 
the number of iterations generated by K-means is highly dependent on the selec-
tion of the convergence criterion function; thus, an inappropriate criterion func-
tion can lead to increase the computation process of K-means then increase the 
processing complexity. Therefore, in order to overcome these challenges, we 
propose a new version of K-means, called Jaccard-based K-means or JKmeans, 
that adapts the Jaccard coefficient to the traditional K-means algorithm. In the 
next sections, we first recall the K-means algorithm along with the Jaccard coef-
ficient then we present our new clustering algorithm called JKmeans. 

3.5. Recall of Kmeans Clustering Algorithm 

As mentioned before, K-means [29] is one of the most flexible and simple algo-
rithm in data clustering. Typically, the K-means is an iterative algorithm in 
which the process starts by randomly selecting an initial centroid for each clus-
ter. Then, each data point is assigned to the nearest centroid using the Euclidean 
distance and the first round of cluster formation is performed. After that, the 
cluster centroids are updated and the process is repeated until the convergence 
of the criterion function (Algorithm 4). Subsequently, one of the most criterion 
functions that have been used in Kmeans is the mean square errors. 

 

 

3.6. Jaccard Coefficient 

Typically, the Jaccard coefficient is used for gauging the similarity and diversity 
between sample sets. Thus, it has been used in a wide range of applications in-
cluding community detection in social networks [30], document and web pages 
plagiarism [31], attack detection [32], market analysis [33], etc. In this paper, we 
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use the Jaccard coefficient to measure the similarity between data record inserted 
by two participants. Thus, two data records iR  and jR  inserted by partici-
pants iP  and jP  respectively are considered similar according to the Jaccard 
coefficient if and only if: 

( ) 1

1

1
,

2 1
i j

i j

r rk
i j

r rk

R R t
α

αα
==

==

= ≥
× −

∑
∑

                  (4) 

where [ ]0,1t ∈  is the Jaccard threshold defined by the experts; 1 indicates that 
the participants inserted the same data for all attributes while 0 indicates none of 
the attributes are similar. 

3.7. Jaccard-Based Kmeans Algorithm: JKmean 

In this section, we integrate the Jaccard coefficient to the traditional K-means in 
order to produce a more accurate clustering algorithm, e.g. JKmeans. Indeed, 
JKmeans is two-fold: first, it dynamically finds the optimal number of clusters 
without using trial-and-error method adapted in most existing algorithms. 
Second, it uses a new convergence criterion to increase the accuracy of the ob-
tained clusters. Basically, JKmeans assumes that all participants inserted differ-
ent records of all attributes, thus each participant is considered a cluster. Then, it 
recursively merges the clusters every time a similarity between them is detected. 
The process of cluster joining is stopped when no similarity between clusters is 
existing, which used as a criterion function in our algorithm. Algorithm 5 de-
scribes the process of JKmeans that takes, as input, the record sets of all partici-
pants, and finds the clusters of participants have similar psychological symp-
toms, e.g.  . First, we randomly select a record set and assign as the centroid of 
the first cluster. For the other record sets, we calculate the similarity of each one  

 

 

https://doi.org/10.4236/jcc.2021.98002


H. Baalbaki et al. 
 

 

DOI: 10.4236/jcc.2021.98002 24 Journal of Computer and Communications 
 

with each of the cluster centroids, then we assign it to the cluster having high 
similarity, e.g. greater than the Jaccard threshold, with its centroid (lines 4-10). 
Otherwise, if the record set does not have any similarity with the cluster centro-
ids, it assigned as a centroid for a new cluster (lines 11-14). 

4. Performance Evaluation 

In this section, we show the relevance of our mechanism, CRISE, in terms of 
understanding the psychological impact of the COVID-19 outbreak. We imple-
mented CRISE based on the Python language under Anaconda framework and 
we used the answers of survey collected by more than 2000 as described in sec-
tion 0. We have considered the system environment of Windows 10 operating 
system that possesses 64-bit Quad core processor packed with 2GB NVDIA 
CUDA graphic card packed with 16 GB RAM. Table 1 summarizes the parame-
ter description used in our simulation with their tested values. 

4.1. Study of the Attribute Number Variation 

In this section, we study the performance of the transformation and reduction 
stages in CRISE framework in terms of optimizing the number of attributes. 
Figure 2 shows the original number of attributes in the survey, e.g. raw 
attributes, and after applying the data transformation and reduction stages. The 
obtained results are highly dependent on the Hamming distance threshold ( ) 
that is varied between 0.1 and 0.3. We show that the binary conversion algo-
rithm (see Algorithm 2) proposed in the data transformation stage increases the 
number of raw attributes from 22 in the original survey to 123 after extracting all  

 
Table 1. Simulation configuration. 

Parameter Description Values 

  Hamming distance threshold 0.1, 0.2, 0.3 

t  Jaccard coefficient threshold 0.5, 0.55, 0.6 

 

 
Figure 2. Variation of the attribute numbers after applying transformation and reduction 
stages. 
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word list inserted by the participants. This confirms the behavior of our frame-
work by allowing the participants to express their psychological impact in their 
own words. We can also observe that the number of attributes is then decreased 
after applying the data reduction stage. Subsequently, the attribute numbers are 
reduced by 51%, 77% and 83% when varying the Hamming threshold to 0.1, 0.2 
and 0.3 respectively. This is due to the similarity between the attributes that in-
creases with the increase of  , thus, the reduction stage will eliminate more 
redundant attributes. 

4.2. Study of Participant Distribution over Clusters 

Indeed, one of the most advantages of JKmeans algorithm is its ability to dy-
namically find the optimal number of clusters according to the Jaccard coeffi-
cient criterion. Figure 3 shows the number of obtained clusters along with their 
sizes, e.g. the number of participants inside each one, when varying the Ham-
ming and the Jaccard threshold values. The obtained results show that the clus-
ter formation is highly affected by the variation of   and t  allowing more 
understanding of the psychological impact of COVID-19 outbreak. Mainly, we 
observe that the number of clusters arrives to 17 and 40 when varying the 
Hamming and Jaccard thresholds respectively, while their corresponding cluster 
sizes arrive to 1226 and 424 respectively. Furthermore, the following observa-
tions are eminent: 
• The number of clusters K increases with the increase of the value of   

(Figure 3(a)). For instance, K increases from 6 to 17 when   varied from 
0.1 to 0.3. This is because the number of attributes will reduce when the value 
of Hamming threshold increases, which make the Jaccard similarity condi-
tion more difficult to meet thus increase the number of clusters. 

• The number of clusters K increases with the increase of the value of t  
(Figure 3(b)). For instance, K increases from 9 to 40 when t  varied from 
0.5 to 0.6. This is because the similarities between the participants decrease 
when the value of Jaccard threshold increases, which increase the number of 
obtained clusters. 

 

 
Figure 3. Participants’ distribution over clusters after applying data clustering stage. (a) in function of Hamming threshold; (b) in 
function of Jaccard threshold. 
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• The average number of participants per cluster decreases with the increase of 
  or t . Subsequently, each cluster contains an average of 323, 129 and 
114 participants when   changed to 0.1, 0.2 and 0.3 respectively. While, 
the average number of participants per cluster changed to 215, 129 and 48 
when t  changed to 0.5, 0.55 and 0.6 respectively. This will lead to increase 
the similarities between the records of participants in each cluster and en-
hance the understanding of the pandemic outbreak of such participants. 

4.3. JKmeans Clustering Accuracy 

An important metric to asses any clustering algorithm is by calculating the ac-
curacy. Indeed, a good clustering accuracy is obtained when the difference 
within clusters is minimized and that between clusters is maximized. In this pa-
per, we focus on the mean square error (MSE) as a well-known and most used 
metric to calculate the clustering accuracy. Figure 4 shows the average MSE of 
all clusters by applying traditional K-means, JKmeans and the Enhanced 
K-means (EK-means) proposed in [34]. The obtained results show that JKmeans 
outperforms K-means and EK-means in terms of reducing the clustering error in 
all cases. Subsequently, JKmeans optimizes the clustering accuracy up to 53% 
and 46% comparing to K-means and EK-means respectively. We can also ob-
serve that JKmeans ensures a high level of similarity within the clusters, which 
strongly confirms the behavior of our framework by grouping participants hav-
ing similar psychological impact in the same cluster. Furthermore, we can notice 
the following: 
• The clustering accuracy of JKmeans increases with the increase of   

(Figure 4(a)). For instance, the JKmeans error reduced from 0.21 to 0.18 
when   varied from 0.1 to 0.3. This is due to the number of clusters that 
increases when   increases, which reduces the average number of partici-
pants per cluster and reduce the error inside each cluster. 

• The clustering accuracy of JKmeans increases with the increase of t  
(Figure 4(b)). For instance, the error of JKmeans decreased from 0.23 to 0.15 
when t  varied from 0.5 to 0.6 (for the same previous reason). 

 

 
Figure 4. Comparison of clustering accuracy. (a) in function of Hamming threshold; (b) in function of Jaccard threshold. 
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• Psychological-based Clustering Analysis In this section, we analyze the psy-
chological impact of COVID-19 during the lockdown for each obtained clus-
ter, after applying JKmeans. Indeed, in the light of the obtained results, we 
distinguish between two types of psychological impact of COVID-19: clus-
ter-based and global-based impacts. In the first type, we show some specific 
characteristics of each cluster separately while, in the second type, we analyze 
the effect of the pandemic on the whole population, e.g. all clusters. 

From the cluster-based point of view, we show common characteristics of 
psychological impact of COVID-19 that describe each cluster as follows: 
• In the first set of clusters, we remark that the activities, prayers, and family 

life characterize the individuals who declare a comfort in their past “past 
comfort”. Indeed, if these characteristics are repeated in the period just be-
fore COVID-19, we report less anxious reactions than those who do not 
practice them recently or in their past. 

• In the second set of clusters, we show that the absence of the “past comfort” 
(non-comfort indicator that reaches the degree of four over four is reported 
in the present and the distant past) is the main characteristic of the individu-
als of these clusters. Individuals that lack decision making and confidence in 
social and political situations also mark these clusters. On the other hand, the 
presence of “past comfort” for individuals in these clusters decreases the de-
gree of presence of anxiety symptoms in the distant and recent past. This last 
degree increases with the apparition of COVID-19, which can be seen as a 
normal and transient reaction during the pandemic. 

• In the third set of clusters, we show that work, walking, playing, reading, 
friends, and relaxation are parallel to lower degrees of anxiety manifestations. 
These individuals are women who practice these comfort activities, with a 
specialization in Psychology. It shows that these people emphasize the psy-
chological effect of these activities in the management of anxiety. 

• In the fourth set of clusters, individuals are characterized by a high degree of 
“comfort today” and “comfort past” and the activity of “listening to music”. 
The anxiety was zero or medium in the recent past and the distant past. An-
xiety reactions during COVID-19 are found to be moderate and transient. 

• In the fifth set of clusters, the faith as well as the protection of the family, and 
social contact, constitutes positive resources against the appearance of anxie-
ty during COVID-19. It seems that the activities in the past and present re-
duce the anxiety reactions during the period of COVID-19. The absence or 
the minimal intensity of anxiety during the COVID-19 pandemic is the main 
characteristic of these clusters. 

From the global-based point of view, we show some common characteristics 
describing the psychological impact of COVID-19 on the whole individuals in 
the sample taken from Lebanon. The following observations are eminent: 
• Individuals show more anxious reactions due to a quasi-absence of comfort 

during and before COVID-19, and even in their long past. 

https://doi.org/10.4236/jcc.2021.98002


H. Baalbaki et al. 
 

 

DOI: 10.4236/jcc.2021.98002 28 Journal of Computer and Communications 
 

• What characterizes the individuals in terms of anxiety symptoms is that most 
manifest anxious reactions with the appearance of COVID-19. These symp-
toms reach level 4 at the physical and mental level. It should be noted that the 
presence of this anxiety was triggered before the pandemic. Therefore, we 
have anxious individuals; that chronic anxiety appears on them from the dis-
tant past. 

• The psychological reactions of anxiety individuals depend on their behaviors 
and personal history, and the accumulation of negative situations or situa-
tions that generate symptoms of anxiety. Those individuals that fail to re-
move memories that are a source of anxiety, will keep the same symptoms 
experienced before. 

According to the above analysis, we give directions for other open issues that 
are very important to be addressed by the researchers in the future works in or-
der to deeply understand the psychological impact of COVID-19. Some of the 
most relevant questions include: Is it a matter of a memory that memorizes cog-
nitive patterns and negative events that cause anxiety? Is it a collective or indi-
vidual memory? Is it a matter of learning individual or collective behavior? Is it 
in relation with a triggering factor? Who are the invulnerable ones? What are 
their characteristics? Who need a psychological intervention? How we can iden-
tify severs cases? 

Finally, in this research, we grouped individuals with similar characteristics 
and behaviors together. This non supervised classification helped us to identify 
the characteristics that highly impact anxiety and identify individual and groups 
who probably need psychological treatment. A very specific and “revolutionary” 
psychotherapies such as EMDR, consists of reprocessing negative events, cogni-
tions and emotions stored in memory, sources of anxiety, can be recommend for 
certain individuals. The EMDR therapy is a behavioral therapy that takes care of 
the physical reactions through specific techniques. This therapy helps individu-
als re-adjusts their anxious reactions to reach the normal level. 

5. Conclusions 

The COVID-19 pandemic is totally changed the lifestyle and the working modes 
of the people by imposing quarantine and lockdown. Unfortunately, such situa-
tions are negatively affected the mental health of most people and provided 
many psychological problems such as stress, depression, and so on. This moti-
vated the public authorities of most countries to respond to psychological im-
pact of COVID-19 pandemic and help their citizens to coping with current situ-
ation in a healthy way. In this paper, we proposed a psychological-based frame-
work for understanding the mental health of the population during COVID-19 
pandemic. The framework is called CRISE and consists of four stages: collection, 
transformation, reduction and clustering. Mainly, CRISE used real data collected 
from more than 2000 persons followed by a preprocess for cleaning and filtering 
purposes. Then, CRISE aimed to grouping psychological persons having similar 
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situations into the same clusters for a later studying and treatment. 
We have two main directions to enhance the performance of CRISE. First, we 

plan to test another convergence criterion in clustering stage, such as distance 
functions, in order to optimize the clustering error. Second, we seek to add an 
evaluation technique that allows to assess the psychological level of each cluster 
for a later appropriate treatment. 
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