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Abstract
Theatrical performance constitutes a complicated way for students to express and to 
communicate with each other, since it targets both various artistic and educational 
goals. Even though it constitutes a top moment of students’ expression, several 
students do not feel comfortable when participating in such cultural activities, as 
performance anxiety, a negative emotional experience stemming from the public 
audience exposure, affects them. The aim of this research is to apply and evalu-
ate a student segmentation technique with the help of bio-inspired computational 
intelligence, for identifying high levels of performance anxiety at schoolchildren. 
A Mayfly-based clustering optimization algorithm is applied on a dataset with 774 
instances of students to classify them according to their levels of emotions and per-
formance anxiety that are developed during the event. A comparison with a genetic 
algorithm as well as particle swarm optimization shows that the proposed method 
is distinguished by superior categorization capabilities. The findings demonstrate 
the effective dissimilar student groups formation, with the members of each being 
distinguished by similar characteristics in terms of emotions and performance anxi-
ety, highlighting the ones with unmanageable emotional experiences. Therefore, the 
drama educator is able to effortlessly detect, manage students and develop coping 
practices in those at risk, by acknowledging each group’s characteristics.

Keywords  Mayfly clustering · Bio-inspired computational intelligence approach · 
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1  Introduction

Happenings in school constitute a usual cultural activity that takes place inside or 
outside the borders of school, aiming to extrovert the school units to their culture, 
while it enchases the aesthetic cultivation, the intellectual development, the creative 
expression, as well as the sensitization of the pupils to topics related to values, nation, 
and culture. They are separated into numerous form groups (e.g. exhibitions, music 
events, theatrical performances, dance, literary events, etc.), in which various related 
or non-related to educational factors, are involved. The most common event is the 
theatrical performance, since it is considered crucial for students’ expression, through 
cultural activities. It is a complicated form of creation, cultural action, communica-
tion, as well as artistic expression, targeting artistic as well as pedagogical goal.

Theatrical performance in school constitutes a usual cultural activity that takes 
place inside or outside the borders of school, aiming to extrovert the school units to 
their culture, while it enchases the aesthetic cultivation, the intellectual development, 
the creative expression, as well as the sensitization of the pupils to topics related to 
values, nation, and culture. It is a complicated form of creation, cultural action, com-
munication, as well as artistic expression, targeting artistic as well as pedagogical 
goal. As an action, in terms of education, the theatrical performance encourages and 
at the same time it helps the connection and creative communication of schoolchil-
dren with their nation and culture. In this fashion, the school’s purpose on helping the 
development of young characters and the role of the educator, are valued, and novel 
viewpoints are given in the teaching process. Moreover, to prepare a school theatrical 
event, conditions are mandatory that are not always clear, nor acknowledged.

Theatrical performance conductions are anything but easy, as social or individual 
issues usually act as inhibiting factors to the person’s attempts to accomplish pos-
sible personal goals (Nordin-Bates, 2012). The performance anxiety, is one of those 
factors and it refers to the feelings that a person could experience during participat-
ing in theatrical events, since they presume his/her social exposure, by their nature 
(Barkley, 2012; Brennan, 2020; Wilson & Roland, 2002; Wright, 1999). Even though 
it is a common belief that stress may have an impact in a positive way when its levels 
are high enough to inspire the individual to try harder, exposure to unmanageable 
stressful levels may affect mental or physical health in a negative way, often followed 
by potentially pathological problems. Such an experience is reported as performance 
anxiety or stage fright of stage anxiety, and is a non-positive emotional experience 
which is observed in situations of individuals’ public exposure (Scott, 2017). It is 
created by thinking of a negative situation or performance assessment by audience 
(Goodman & Kaufman, 2014) and is a temporary emotional pattern caused by envi-
ronmental stress, like worry and tension (Spielberger, 1966), which directly reflects 
the psychological instant reaction to a particular situation. Not only state anxiety is 
appropriate for monitoring the psychological state of children, but also it can reveal 
the potential anxiety of mentally healthy ones, due to its properties.

Performance anxiety refers to an endless anxiety, developing during performances 
and is not connected with gender, educational level, age, skill, or preparation level 
(Doğan & Palanci, 2015; Papageorgi et al., 2013). It can affect individuals regardless 
of their age and skill level (Boucher & Ryan, 2011; Papageorgi et al., 2013; Steptoe et 
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al., 1995). According to Ascenso, Perkins, and Williamon (2018) and Merritt, Rich-
ards, and Davis (2001), it is a condition affecting people in a variety of their actions, 
considering speaking, sports and other acts like dancing and acting. As Thomson 
and Jaque (2017) mention, persons are frightened of making an disastrous fault or of 
being non-positive assessed. Should individuals be incapable of coping with possible 
frightening emotions and somatic reactions, their negative feelings keep growing 
until they start experiencing a panic attack (Fernholz et al., 2019; Guyon et al., 2020). 
Obviously, this kind of experience has a negative impact on performance as well. 
Following a panic attack, the concern that upcoming acts may be sabotaged by per-
formance anxiety is growing. Artists become sensitized to both cognitive and somatic 
features of anxiety, rather than adjusting to performance situations (Barnard et al., 
2011; Thomson & Jaque, 2017). For example, they may develop enough stress to 
have dyspnea symptoms, which could be linked to a prior panic attack episode, or in 
a case of witnessing another person trying to get enough oxygen during a panic attack 
experience. Anxiety may also cause arrhythmic heartbeats or even a heart attack. 
Increased anxiety feelings also occur due to feelings experienced during memories 
of past negative events (Kiliç et al., 2008; Thomson & Jaque, 2017). All definitions 
mentioned above, consider three factors that play a key role in symptoms (State-trait 
theory of anxiety) (Psychountaki et al., 2003; Spielberger, 1966) that sustain a con-
tinuous disturbing experience in performance circumstances (Ascenso et al., 2018; 
Kenny, 2011; Papageorgi & Kopiez, 2012; Wilson, 2002). Performance anxiety is 
a condition that persons experience when performing to an audience, regardless of 
their characteristics (Doğan & Palanci, 2015; Langendörfer et al., 2006). By per-
formance anxiety, a phenomenon close to fright, is established, combining behav-
ioral, cognitive, as well as physiological responses and it stems from a real danger 
or various unknown causes. Performance anxiety is also classified as social phobia 
(Ascenso et al., 2018).

Individuals may have to overcome various worries, to support their character dur-
ing the performance, which constitutes a cause of anxiety (Papageorgi, 2021). They 
need to adore their performance experiences. During school theatrical events, the 
intense feelings triggered by performance anxiety have an undesirable impact on 
the participation of the schoolchildren involved. In the work of Wilson and Roland 
(2002) it is mentioned that an actor may develop anxiety, which can be translated into 
apprehension or fear about performing. Placement or reading, memorization, speak-
ing abilities, instrument abilities, and interfering with grip and appearance can also 
be affected by performance anxiety (Meijer & Oostdam, 2011). In certain cases, this 
kind of emotional state has a non-positive impact on the pupil’s skills. Furthermore, 
when it comes to prevalence rates, Studer et al. (2011), mentioned that a percent-
age of 12% of music students deals with high anxiety on stage, Papageorgi (2022) 
stated that a percentage of 11% of adolescent musicians also does, and Steptoe et al. 
(1995) stated that a 10% of professional actors also deals with high anxiety on stage. 
Moreover, studies show that prevalence rates for childhood social anxiety disorder 
range from 0.5 to 9.0% in pediatric primary care samples and community studies 
(Hitchcock et al., 2009).

Consequently, development of practices that will recognize schoolchildren who 
are at-risk, considering performance anxiety, for a teacher to develop coping prac-
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tices, is necessary. However, a procedure like this is considered enormously hard due 
to its multi-criteria complexity. The reflection centers on an approach for an effec-
tive detection of those cases, a safe criteria adoption for the multi-criteria evaluation 
of schoolchildren’s anxiety, along with the time needed to implement such a task. 
Recognizing and identifying such persons in early is crucial. According to reported 
findings, the effectiveness of the treatment of performance anxiety mostly relies on 
its primary identification to be treated with suitable interventions.

Under those circumstances, Computational Intelligence (CI), Artificial Intelli-
gence (AI), and Machine Learning (ML) approaches are able to support the educator 
in this way, since they introduce effective fast solvers on addressing complicated 
problems that could not be addressed by conventional methods (Kar, 2016; Yang et 
al., 2021). Regardless of the particular application, AI-based technologies depend 
on the detection of patterns within large data sets (Ćosić et al., 2020; Zhou et al., 
2020). Thus, AI has a transformational power (Hwang et al., 2020). In this fashion, 
the high levels of performance anxiety detection at schoolchildren can be considered 
as an non-deterministic polynomial-time hardness problem (NP-hard problem), since 
numerous objectives, for the individual assessment, are taken into account (Kusse-
row et al., 2012; Mastrothanasis et al., 2021; Qaddoura et al., 2021; Zervoudakis et 
al., 2020). As a result, the main purpose of the current research is to identify high 
levels of performance anxiety at schoolchildren, through learner segmentation using 
CI methods, and more specifically metaheuristic-based ones.

The rest of the paper is organized as follows: In Sect. 2, a review of the literature 
when it comes to anxiety detection using ML methods is demonstrated, while in 
Sects. 3 and 4, the Mayfly optimization algorithm and the purpose of the study are 
described, respectively. In Sect. 5 the method to be used is presented and in Sect. 6 
the results are demonstrated. Finally, in Sects. 7 and 8, a discussion as well as the 
main conclusions of the research are presented.

2  Artificial intelligence and anxiety detection

When it comes to anxiety detection, machine learning methods have already been 
used (Muhammad et al., 2020; Priya et al., 2020). For instance, in the recent work 
of Khan et al. (2021) the authors detected psychological disorders by success-
fully implementing deep learning based models of machine learning algorithm, in 
the recognition of human behaviors pertaining to anxiety. Moreover, Pintelas et al. 
(2018) who reviewed the literature on applying machine learning methods in the 
field of detecting anxiety disorders, showed that common machine learning methods 
like logistic regression, random forest and Support Vector Machine (SVM), can be 
used to detect anxiety disorders. Particularly, Chatterjee et al. (2014) used Logis-
tic Regression, Naive Bayes and a Bayesian Network to predict generalized anxiety 
disorder, while Chen et al. (2015) used a Bayesian joint model with a linear mixed 
effects model for the longitudinal measurements, and a generalized linear model for 
the binary primary endpoint, Hilbert et al. (2017) used binary SVM within a nested 
leave-one-out cross-validation framework, and Dabek and Caban (2015) used a neu-
ral network model for the same purpose.
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When it comes to posttraumatic stress disorder, Saxe et al. (2017) performed a 
comparative analysis of support vector machine, Lasso, Logistic regression and Lin-
ear Regression to predict the anxiety of 163 children. Further details can be found 
in the work of Khan et al. (2021). Moreover, Galatzer-Levy et al. (2014) attempted 
to improve the prediction of posttraumatic stress disorders using machine learning 
predictors using a set of 957 trauma survivors within 10 days of a traumatic event. 
Furthermore, a hybrid system of standard machine learning techniques to classify 
posttraumatic stress disorder allowing three popular feature selection methods such 
as chi-square, principal component analysis and correlation based-feature selection 
was followed by Omurca and Ekinci (2015). Through the particular approach, they 
determined important indications of patients’ trauma alternative approach for predict-
ing posttraumatic stress disorder. The accuracy of the particular method varied from 
74 to 79%.

Social anxiety disorder, as well as panic disorder and agoraphobia, are also 
reported to be predicted using machine learning predictors. For instance, Liu et al. 
(2015) used multivariate pattern analysis, while Zhang et al. (2015) used a linear 
support vector machine to classify patients according to their levels of social anxiety. 
Finally, Lueken et al. (2015) applied a machine learning approach to separate depres-
sive comorbidity from panic disorder.

Furthermore, the literature review reveled that binary classifiers were used to 
diagnose children’s anxiety in the work of McGinnis et al. (2019) and Ding et al. 
(2022) used a dataset of paired self-reported state anxiety levels, in order to train and 
validate machine learning models like linear regression, support vector regression, 
LASSO regression, and ensemble of trees, to predict state anxiety. Finally, Salekin 
et al. (2018) used a weakly supervised learning framework to detect social anxiety 
and Sau and Bhakta (2019) used approaches like Logistic Regression, Random For-
est, Naive Bayes, and SVM and Catboost, to early detect and treat anxiety disorders. 
Finally, Xiong, et al. (2021) used a feature ensemble based Bayesian neural network 
for the prediction of anxiety disorders and Mastrothanasis, et al. (2021) used a bio-
inspired metaheuristic-based algorithm to classify students according to their levels 
of state anxiety.

3  Bio-inspired computation intelligence

Bio-inspired optimization algorithms constitute popular and effective tools of com-
putation intelligence for addressing complex optimization problems (Yang, 2020). 
Nature-inspired algorithms development has become very popular during the last two 
decades. Bio-inspired algorithms such as Genetic Algorithms (GA), ant colony algo-
rithms, bat algorithms, bee algorithms, Firefly Algorithms (FA), cuckoo search, fly-
ing foxes optimization algorithm and Particle Swarm Optimization (PSO) have been 
applied in various research fields with a dramatic increase of the number of relevant 
publications (Askarzadeh, 2016; Attaran et al., 2021; Faramarzi et al., 2020; Yang, 
2020; Zervoudakis & Tsafarakis, 2022; Zitouni et al., 2021). Related algorithms can 
generally be separated into four groups: (a) evolutionary based bio-inspired algo-
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rithms, (b) swarm intelligence-based bio-inspired algorithms, (c) ecology-based bio-
inspired algorithms and (d) multi-objective bio-inspired algorithms (Fan et al., 2020).

According to Torres-Jiménez and Pavón (2014), this kind of algorithms have the 
ability to address various optimization problems, with numerous requirements, due 
to their abilities when it comes on exploring the search space, escaping from local 
optima, and determining if a solution is considered good enough for the decision 
maker. Furthermore, they give the decision maker the ability to explore the trade-off 
between the performance and the quality of solutions. As a result, they are applied in 
various real-life applications.

According to José-García and Gómez-Flores (2016) and Ezugwu (2020), nature-
inspired-based clustering algorithms have been successfully applied in addressing 
complex real-world engineering problems as well as cluster analysis. For instance, 
the GA, is a widely used evolutionary algorithm, which has been applied to address 
several real-world optimization problems such as location problems (Chappidi & 
Singh, 2022), data clustering problems (Chehouri et al., 2017), and flow shop sched-
uling problems (Liang et al., 2022). The Differential Evolution (DE) which is another 
evolutionary algorithm, has been applied to address complex optimization problems 
in computer science and engineering (Tsafarakis et al., 2020; Xiang et al., 2015), 
while numerous DE hybrid variants have equally been used to solve various data 
clustering problems (Ezugwu et al., 2022). Furthermore, the PSO algorithm has been 
applied to solve problems such as hierarchical and partitional data clustering (Rana 
et al., 2011) by various researchers due to its advances when it comes to convergence 
rate and convergence speed. Finally, FA which is based on the flashing behavior of 
fireflies, is another successful metaheuristic algorithm that has hundreds of success-
ful applications recorded in solving many complex engineering problems (Fister et 
al., 2013) and data clustering problems (Senthilnath et al., 2011).

3.1  Mayfly optimization algorithm

The Mayfly optimization Algorithm (MA) (Zervoudakis & Tsafarakis, 2020) is a 
newly optimization algorithm which has already been used by researchers, to address 
their non-deterministic polynomial-time hardness problems (Alblehai et al., 2022; 
Bhattacharyya et al., 2020; Guo et al., 2021; Gupta & Gehlawat, 2022; Liu et al., 
2021; Roni et al., 2022; Tamilmani et al., 2022; Zhao & Gao, 2020). The main reason 
behind the widely application of the particular algorithm, is that it combines major 
advantages of both evolutionary and swarm intelligence optimization algorithms. 
Particularly, MA combines advances of PSO, GA and FA (Zervoudakis & Tsafarakis, 
2020). As a result, MA’s performance is superior to that of other state-of-the-art meta-
heuristics when it comes on addressing complex objectives.

In this algorithm, each mayfly’s position represents a potential solution to the 
problem. Firstly, a set of female and a set of male mayflies are generated at random, 
as x = (x1, . . . , xd), whose performance is assessed on the predefined objective func-
tion f(x). Considering xt

i  as the present position of mayfly i in the objective space 
during step t, it is altered by summing it with a velocity vt+1

i , as:
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	 xt+1
i = xt

i + vt+1
i � (1)

with xi
0~U(xmin, xmax). The velocity v  of a male mayfly i is computed as:

	
vt+1

ij =

{
g ∗ vt

ij + a1e
−βr2

p
(
pbestij − xt

ij

)
+ a2e

−βr2
g
(
gbestj − xt

ij

)
, iff (gbest) > f (xi)

vt
ij + d ∗ r, else

� (2)

while for female mayflies as:

	
vt+1

ij =

{
g ∗ vt

ij + a2e
−βr2

mf
(
xt

ij − yt
ij

)
, iff (yi) > f (xi)

vt
ij + f l ∗ r, else

� (3)

where vt
ij  is the velocity of mayfly i in dimension j = 1,…,n at time step t, a1 and a2 

are positive attraction constants. pbestij  is the best position mayfly i had ever gone 
and gbest  is the overall best solution found so far. Moreover, β  is a fixed visibility 
coefficient, rp  corresponds to the Cartesian distance between two individuals, com-
puted as:

	
||xi − Xi|| =

√√√√
n∑

j=1

(xij − Xij)
2� (4)

Finally, g is a constant in the range of (0 , 1], d  is a positive nuptial dance coefficient 
and r , is a random value in the range [-1, 1] and fl. a random number.

The mating process between two mayflies is represented by the crossover (genetic) 
operator as:

	
offspring1 = L ∗ male + (1 − L) ∗ female

offspring2 = L ∗ female + (1 − L) ∗ male
� (5)

where male  is the male parent and female  is the female one. L  is a random value 
in the range (0,1). Initial velocities of offspring are set to zero. A detailed description 
about the way mayflies move, can be retrieved from the work of Zervoudakis and 
Tsafarakis (2020).

Algorithm 1  Pseudo code of Mayfly (MA).

Objective function of the problem f(x), x=(x1, . . . , xd)
T

Initialize the male mayfly populationxi (i = 1,2, . . . , N)
Initialize the male mayfly velocitiesvmi

Initialize the female mayfly populationyi (i = 1,2, . . . , M)
Initialize the female mayfly velocitiesvfi

Evaluate solutions according to the predefined objective function.
Find global best solution (gbest ).
Find personal best solutions of male mayflies (pbest).
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Do While stopping criteria are not met.
  Update velocities and positions of male mayflies.
  Update velocities and positions of female mayflies.
  Evaluate solutions according to the predefined objective function.
  Rank the mayflies according to the objective function values.
  Mate the mayflies.
  Evaluate offspring according to the predefined objective function.
  Separate offspring to male and female randomly.
  Replace worst solutions with the best new ones.
  Update pbest  andgbest
end while.
Postprocess results and visualization.

4  Purpose of the study

The main objective of the current research is to identify high levels of performance 
anxiety at schoolchildren, through learner segmentation using CI methods. Through 
a MA-based clustering algorithm, dissimilar learner clusters, with the individuals of 
each one being distinguished by homogeneous characteristics of performance anxi-
ety are created. The clustering approach will be applied on an observation data set 
regarding the positive, the mild negative and the strong negative feelings of students, 
during their artistic participation in school theatrical events (Mastrothanasis & Kla-
daki, 2022), based on the instrument of evaluating the state performance anxiety of 
Spielberger et al. (1973). Consequently, through these clusters, the cases of school-
children experiencing non-positive emotional experiences will be demonstrated. 
Finally, the performance of the proposed method will be compared with that of two 
state-of-the-art metaheuristics.

5  Method

5.1  Datasets

To complete this research, evaluative quantitative data of 774 10–12-year-old primary 
school pupils (average age = 10.53, S.D.= 1.72), of which 466 were boys (60.2%) and 
308 were girls (39.8%) from numerous different parts of Greece, were used. These 
students among with their teachers participated in a research program, which was 
conducted throughout Greece by the University of the Aegean, during the academic 
year 2020–2021 (Mastrothanasis & Kladaki, 2022).

Once the teachers were properly trained, they prepared a school play, with their 
students as the actors, as part of their schools’ cultural activities. During their stu-
dents’ performance, the teachers observed and captured the feelings of the students, 
according to three three-point Likert observation scales (Mastrothanasis & Kladaki, 
2022). These observation scales were based on the theoretical background of state 
anxiety for children of Spielberger et al. (1973) (State Anxiety Inventory, STAIC), 
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and each item is scored with 1, 2 or 3 points by the researchers, with higher values 
indicating more negatively charged emotional states.

The first scale was about positive feelings (Pos) and included five items about 
emotional states that positively affect a person, such as calmness, pleasantness, hap-
piness and satisfaction. The second scale was about mild negative feelings (Mildneg) 
and included four items regarding emotional states that negatively affect a person but 
do not have a great emotional intensity, such as disturbance, nervousness, discomfort, 
and worry. Finally, the third scale was about the existence of strong negative feelings 
(Strongneg) and included three items related to adverse emotional states character-
ized by intense emotional loading, such as panic, terror and fear (Mastrothanasis & 
Kladaki, 2022). According to the theory of Spielberger et al. (1973) these kinds of 
emotions shape the actors’ state performance anxiety (Psychountaki et al., 2003).

The three scales which were described above were included in a single online 
questioner, on which the teachers noted the intensity of the emotions they observed in 
their students. After completing the questionnaire, the teachers sent their answers to 
the researchers. Figure 1 indicatively demonstrates a small part of the questionnaire, 
and the way in which it was completed by the teachers.

The descriptive data and the violin plots of the data retrieved from the three 
adopted measurement scales, are demonstrated in Table 1; Fig. 2, respectively.

5.2  Research design

To address the NP-hard problem of clustering of learners when it comes to perfor-
mance anxiety, the MA was used.

Table 1  Descriptive statistics of datasets
S.D. Skewness Kurtosis Min Max Range CI 95%

Positive emotions 0.46 0.46 0.08 1.00 3.00 2.00 1.67–1.73
Mild negative emotions 0.47 0.93 0.24 1.00 3.00 2.00 1.42–1.49
Strong negative emotions 0.33 2.33 5.30 1.00 2.67 1.67 1.14–1.19

Fig. 1  Indicative questions
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In this research, it is assumed that n  schoolchildren distinguished by m  charac-
teristics, are to be separated into a maximum of k  clusters. In this fashion, a potential 
solution is a matrix of k × (m + 1) elements, as Zervoudakis, Mastrothanasis and 
Tsafarakis (2020) suggest. As a result, each cluster is represented by each row of 
a potential solution. The randomly generated initial positions of the m  columns of 
each solution are generated between the range of each characteristic values, while 
values in the last column range on (0,1)  to determine the amount of groups. Rows of 
a solution with a value less than 0.5 in the last column are excluded and the amount 
of groups is reduced. The remaining ones with the last column ignored, are then 
evaluated. If the number of remaining clusters is less than two, an iterative process 
begins, where the cluster with the smallest value in the last column is selected, until 
a total of two clusters is achieved. An example of a random potential solution when 
searching for a maximum of five clusters, using the dataset presented in Subsection 
5.1, is demonstrated in Fig. 3.

Since the values in the last column of the second, third and fifth clusters are less 
than 0.5, these clusters are excluded together with the entire fourth column, and the 
final number of clusters is reduced to two, whose centroids are represented in Fig. 4, 
and will be evaluated by the objective function.

Each mayfly is then assessed using the Davies-Bouldin index, which is a com-
monly used metric for evaluating potential solutions when it comes to cluster analysis 
(Davies & Bouldin, 1979). The goal is to minimize the DBI value. Using this index, 
a cluster is assessed according to the Ri,j  value, which is computed as:

	
Ri,j ≡

Si + Sj

Mi,j
� (6)

where Si  and Sj  are the clusters i  and j  dispersions, respectively, computed as:

Fig. 2  Violin plots for emotion scales

 

1 3

11036



Education and Information Technologies (2023) 28:11027–11050

	
Si =



 1
Ti

Ti∑

j=1

|Xj − Ai|q



1/q

� (7)

where Ti  is the amount of individuals in cluster i , Xj  is a vector of their charac-
teristics, Ai  correspond to the cluster i  centroid, and q is an integer. In the current 
research q has the value of 1, which makes Si  as the average Euclidean distance of 
individual’s characteristics in cluster i to its centroid. As a result, each individual is 
placed to the cluster with the minimum distance.

Clusters i  and j  are characterized by Mi,j  which is the Minkowski metric, as 
(Friedman & Rubin, 1967):

	
Mi,j =

{
N∑

k=1

|ak,i − ak,j|p
}1/p

� (8)

where ak,i  is the kth  element of Ai . In the current research, p  = 2, which corresponds 
to the Euclidean distance.

To compute the objective function value, −
R  is calculated as follows:

Fig. 4  Random potential solu-
tion before assessment
 

Fig. 3  Random potential 
solution
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−
R≡ 1

N

N∑

i=1

Ri � (9)

where N correspond to the number of groups to be evaluated, and.

	 Ri ≡ Ri,ji �= j � (10)

All the optimization approaches were coded using the Matlab platform, on an i5 
3.3 GHz desktop computer with an 8GB of RAM.

The final clustering solution is then assessed through a Multivariate Analysis of 
Covariance (MANCOVA) test. The size effects were also computed using the Eta 
Squared (η2) indicators. Finally, a Receiver Operator Characteristic (ROC) curve was 
generated and the area under the ROC curve (AUC) was computed to estimate the 
screening and the diagnostic accuracy of the method (Ma et al., 2013). The ROC 
analysis results are interpreted as: AUC ≥ 0.90, high diagnostic accuracy; AUC in the 
range of 0.70–0.90, moderate diagnostic accuracy; and AUC < 0.70, low diagnostic 
accuracy (Streiner & Cairney, 2007).

6  Results

MA runs for 50 times. Its performance is compared to that of the state-of-the art 
metaheuristics like Particle Swarm Optimization (PSO) and Genetic Algorithm (GA).

Initially, the same fine-tuning process as described by Zervoudakis and Tsafarakis 
(2020) was performed, to determine the best parameter configuration settings. Fol-
lowing the work of Zervoudakis and Tsafarakis (2020), each initialization scheme 
was performed for 10 times. Initially, the population size of both male and female 
mayflies was tested. The results of the algorithm according to the swarm sizes, are 
presented in Fig. 5. The blue line corresponds to the male mayflies and the orange 
line to the female ones. The findings verify the use of a fixed population size of n = 
40 (20 males and 20 females).

Fig. 5  Results according to the 
swarm sizes
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The attraction constants were then tested, as presented in Fig.  6. The findings 
verify the use of attraction constants of a1 = 1, a2 = 1.5.

The nuptial dance and random flight coefficients were then tested, as presented 
in Fig. 7 The blue line corresponds to the nuptial dance while the orange line corre-
sponds to random flight. The findings verify the use of nuptial dance d = 0.1, random 
flight fl = 0.1.

Finally, the visibility coefficient β = 2 was also verified according to Fig. 8.
In the same way, it was found that, a single point uniform crossover with a rate of 

0.95 and a linear selection mechanism as well as a gaussian mutation with a rate of 
0.1, were the most sufficient for using in this research. The findings were in line with 
the work of Zervoudakis and Tsafarakis (2020).

By repeating the process for PSO, a fixed population size of n = 50 was used, 
acceleration coefficients c1 and c2 were set to 1.5 and 2, respectively, while the iner-
tia weight value w was set to be changed during the optimizing process from 0.9 to 
0.5. The findings were in line with the finding of Zervoudakis, Mastrothanasis and 
Tsafarakis (2020) who used a PSO algorithm for student segmentation. Finally, for 
GA, a fixed population size of n = 50 was used, and it was found that values of 0.8 
and 0.05 were the most sufficient ones for crossover and mutation rate, respectively. 

Fig. 7  Results according to nup-
tial dance and random flight
 

Fig. 6  Results according to at-
traction constants
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The crossover and mutation techniques used in this research are the same with the 
ones used in previous research for GA (Laref et al., 2019; Zervoudakis et al., 2020).

Table 2 presents the results according to DBI. Bold values correspond to the best 
(minimum) located values. As Table 2 demonstrates, MA’s performance is superior 
to both PSO and GA in terms of accuracy and efficiency.

The convergence behavior of each algorithm is presented in Fig.  9, where the 
superiority of MA over PSO and GA in terms of convergence speed is demonstrated.

From the results presented above, it is clear the MA constitutes a better optimiza-
tion approach in terms of convergence speed and rate, comparing to the other two 
successful optimization methods. Using MA, two clusters with homogeneous char-

Fig. 9  Convergence characteris-
tic curves of optimizers
 

DBI MA PSO GA
Min 0.66 0.66 0.66
Average 0.66 0.67 0.67
Median 0.66 0.66 0.67
Max 0.66 0.67 0.67
SD 3.93E-05 3.97E-03 4.20E-03

Table 2  Performance of com-
paring algorithms

 

Fig. 8  Results according to vis-
ibility coefficient
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acteristics were created, as demonstrated in Fig. 10. 46 (5.94%) individuals and 728 
(94.06%) ones are contained in the first cluster (Cluster A) and the second one (Clus-
ter B), respectively.

Cluster A includes schoolchildren characterized by the highest scores on all three 
scales, while Cluster B includes the ones having the medium and lowest scores, as 
presented in Table 3, revealing that students in Cluster A are at higher risk when it 
comes to performance anxiety. As a result, the students of the first cluster are dis-
tinguished by fewer positive feelings (2.45 ± 0.44) and more mild negative feelings 
(2.38 ± 0.36) and strong negative feelings (2.04 ± 0.37), compared to the students of 
the second cluster. It is noted here that the higher the values of each variable, the 
more negatively charged the emotional states are.

The multivariate tests on Pos, Mildneg and Strongneg among the students of both 
groups, revealed a statistically significant difference, with Cluster A being distin-
guished by statistically greater values of performance anxiety, as presented in Table 4, 
which reveals the discriminant validity of the proposed method.

Moreover, the results of the MANCOVA test for the dependent variables, is pre-
sented in Table 5.

The ROC curve for the screening accuracy and the diagnostic of Pos, Mildneg 
and Strongneg emotions for the prediction of performance anxiety, is presented in 
Fig. 11.

All parameters had good diagnostic ability, with Strongneg emotions being the 
most promising one. The area under the curve (AUC) of positive emotions was 90% 

Table 3  Descriptive statistics by variable and cluster
Variables Pos Mildneg Strongneg
Cluster 1 2 1 2 1 2
Mean 2.45 1.65 2.38 1.40 2.04 1.11
SD 0.44 0.41 0.36 0.42 0.37 0.23
Min 1.67 1.00 2.00 1.00 3.00 2.75
Max 3.00 3.00 3.00 2.75 2.67 2.33
Range 1.33 2.00 1.00 1.75 1.67 1.33

Fig. 10  Graphical representation 
of clusters
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Table 4  Multivariate Tests
Tests value F Hypothesis df Error df p partial η2

Pillai’s Trace 0.499 255 3 770 < 0.001 0.50
Wilks’ Lambda 0.501 255 3 770 < 0.001 0.50
Hotelling’s Trace 0.995 255 3 770 < 0.001 0.50
Roy’s Largest Root 0.995 255 3 770 < 0.001 0.50
Note: partial η2: Partial Eta Squared

Table 5  Multivariate Analysis of Covariance summary table
Variables SS df MS F p partial η2

Positive emotions 27.9 1 27.8682 162 < 0.001 0.17
Error (Positive emotions) 132.7 772 0.1718
Mild negative emotions 41.3 1 41.2691 241 < 0.001 0.24
Error (Mild negative emotions) 132.2 772 0.1712
Strong negative emotions 37.4 1 37.3851 638 < 0.001 0.45
Error (Strong negative emotions) 45.2 772 0.0586
Note: SS: Sum of Squares, MS: Mean Square, partial η2: Partial Eta Squared

Fig. 11  ROC curves for the positive, mild negative and strong negative emotion dimensions
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with the respective 95% confidence intervals (CI) between 85.8 and 94.1%. The AUC 
of mild negative emotions was 95.3% (95%CI: 93.5–97%) and that of strong nega-
tive emotions was estimated at 96.5% (95%CI: 93.6–99.4%). The mean area under 
the curves of the model is greater than 0.9, which suggests high diagnostic accuracy 
of the performance anxiety.

7  Discussion

In this research, a CI-based student segmentation technique was used to identify 
extreme levels of performance anxiety at schoolchildren. The MA-based bio-inspired 
clustering approach is characterized by higher predictive accuracy, compared to com-
mon metaheuristics like PSO and GA, according to Table 2; Fig. 9, due to its combi-
nation of swarm intelligence and evolutionary operators (Zervoudakis & Tsafarakis, 
2020). Another benefit of the proposed approach is that in cases where common 
metaheuristics get trapped into local optimum points, MA is capable of escaping due 
to its nuptial dance and random flight operators (Zervoudakis & Tsafarakis, 2020). 
Based on this approach, it was detected that 5.94% of school-age students experi-
ence significantly negative performance anxiety in school performance compared to 
other students. The screening and the diagnostic accuracy of the mayfly-based clus-
tering method was confirmed by a ROC analysis. This finding is in line with previous 
research on music students and professional actors while relevant research when it 
comes to the specific age group was not detected (Mastrothanasis et al., 2021). Partic-
ularly, studies show that prevalence rates for childhood social anxiety disorder range 
from 0.5 to 9.0% (Hitchcock et al., 2009). Moreover, Studer et al. (2011), mentioned 
that a percentage of 12% of music students deals with stress on stage and Papageorgi 
(2020) stated that a percentage of 11% of adolescent musicians also does. Finally, 
based on Steptoe et al. (1995) significantly negative performance anxiety percentage 
ranges at 10% in populations of apprentice college actors.

Despite the promising results of the proposed method, some limitations need to be 
further explored. Initially, one dataset was used, focusing on Greek population, and 
addressing an anxiety disorder developing during theatrical performances. Research-
ers are highly advised to use the proposed method on other populations and disorders. 
However, such a task is extremely difficult due to the complexity of data collection 
in the field of mental health. Collecting and preparing a set of mental health data is 
an important task, since most of the times individual diagnostic interviews must be 
conducted by a clinical psychologist. In the case of this research, the used dataset 
took a long time to collect, as the teachers who observed and recorded the reactions 
of the young actors had first to be educated and trained on the valid answer to the 
three-scale questionnaire.

Second, although the generated results using the method could be used to priori-
tize diagnostic interviews, the clinical psychologist should always have the last word 
when it comes to diagnosing disorders.
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 8  Conclusions

The aim of this research was to identify extreme levels of performance anxiety at 
schoolchildren using CI-based student segmentation techniques. According to the 
findings the application of MA, reliable solutions can be detected to the NP-hard 
problem of creating schoolchild clusters with common performance anxiety charac-
teristics. Consequently, possible cases of individuals experiencing significantly non-
positive performance anxiety in school theatrical events are identified. A comparison 
with a GA as well as PSO showed that the proposed MA-based clustering approach 
is distinguished by superior categorization capabilities. Moreover, MA was reported 
to converge faster towards optima solutions, compared to PSO and GA.

Teachers could therefore have an application in which they could enter the obser-
vation data from their students to automatically detect dangerous cases in the school 
environment. As a result, the drama educator can effortlessly detect and manage learn-
ers, by knowing each group’s characteristics, to develop coping practices in students 
who are at risk. What is equally important is that using such an application, students 
facing difficulties except from anxiety, like learning difficulties or depression, could 
be detected, as long as the data to be entered are in a quantitative form. As a result, 
through such an application, more educators and psychologists could be provided in 
schools with high percentages of students who are characterized by such difficulties.

As a group formation method, it can be applied both in actual classroom condi-
tions with schoolchildren, as well as in digital societies, like digital drama, assist-
ing the educator since it is able to offset problems in the multi-criteria clustering of 
pupils (Pizzo et al., 2019). The biggest benefit of the particular approach is that it 
can be used to a variety of pupils and suggest group formations in a minimal time 
of 8.6  s, by means. Moreover, there is no limit to the amount of data that can be 
imported, nor to the evaluable factors that are collected from the student’s holistic 
assessment as regards their performance anxiety. As a final point, testing more clus-
tering approaches to the particular problem as well as comparing them in terms of 
convergence rate, convergence speed and efficiency is highly recommended, as well 
as research on the educators’ attitudes or other specialists (e.g. theatrical therapist) as 
regards as their satisfaction with the grouping results and the extent to which it is able 
to detect anxiety disorders, effectively.

Funding  This research did not receive any specific grant from funding agencies in the public, commercial, 
or not-for-profit sectors.
Open access funding provided by HEAL-Link Greece.

Data Availability  Data will be made available on reasonable request.

Declarations

Conflict of Interest  We have no conflicts of interest to disclose.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 

1 3

11044



Education and Information Technologies (2023) 28:11027–11050

Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use 
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

Alblehai, F., Mahmoud, M. H., Akhtar, M. S., Shaker, A., & Mohamed, A. A. (2022). Analysing biosensor 
clinical pathogen information using mayfly optimized convolute neural network approach. Expert 
Systems, e13027. https://doi.org/10.1111/EXSY.13027

Ascenso, S., Perkins, R., & Williamon, A. (2018). Resounding meaning: A PERMA wellbeing profile of 
classical musicians. Frontiers in Psychology, 9. https://doi.org/10.3389/fpsyg.2018.01895

Askarzadeh, A. (2016). A novel metaheuristic method for solving constrained engineering optimization 
problems: crow search algorithm. Computers & Structures, 169, 1–12. https://doi.org/10.1016/J.
COMPSTRUC.2016.03.001

Attaran, B., Ghanbarzadeh, A., & Moradi, S. (2021). A novel evolutionary optimization algorithm inspired 
in the intelligent behaviour of the hunter spider. International Journal of Computer Mathematics, 
98(3), 627–655. https://doi.org/10.1080/00207160.2020.1775820

Barkley, S. G. (2012). Stage-fright in the Observation process. Kappa Delta Pi Record, 27(1), 19–20. 
https://doi.org/10.1080/00228958.1990.10518619

Barnard, K., Broman-Fulks, J., Michael, K., Webb, R., & Zawilinski, L. (2011). The effects of physiologi-
cal arousal on cognitive and psychomotor performance among individuals with high and low anxiety 
sensitivity. Anxiety Stress and Coping, 24(2), 201–216. https://doi.org/10.1080/10615806.2010.494
328

Bhattacharyya, T., Chatterjee, B., Singh, P. K., Yoon, J. H., Geem, Z. W., & Sarkar, R. (2020). Mayfly in 
Harmony: a new hybrid Meta-heuristic feature selection algorithm. Ieee Access : Practical Innova-
tions, Open Solutions, 1–1. https://doi.org/10.1109/access.2020.3031718

Boucher, H., & Ryan, C. A. (2011). Performance stress and the very young musician. Journal of Research 
in Music Education, 58(4), 329–345. https://doi.org/10.1177/0022429410386965

Brennan, L. (2020). Stage Fright in the actor. Routledge.
Chappidi, E., & Singh, A. (2022). Evolutionary approaches for the weighted anti-covering location prob-

lem. Evolutionary Intelligence 2022. https://doi.org/10.1007/S12065-022-00701-6
Chatterjee, M., Stratou, G., Scherer, S., & Morency, L. P. (2014). Context-based signal descriptors of heart-

rate variability for anxiety assessment. 2014 IEEE International Conference on Acoustics, Speech 
and Signal Processing (ICASSP), 3631–3635. https://doi.org/10.1109/ICASSP.2014.6854278

Chehouri, A., Younes, R., Khoder, J., Perron, J., & Ilinca, A. (2017). A selection process for genetic algo-
rithm using clustering analysis. Algorithms, 10(4), 123. https://doi.org/10.3390/A10040123

Chen, H., Huang, Y., & Zhang, N. (2015). Joint modeling of a linear mixed effects model for selfesteem 
from mean ages 13 to 22 and a generalized linear model for anxiety disorder at mean age 33. Journal 
of Medical Statistics and Informatics, 3(1), https://doi.org/10.7243/2053-7662-3-1

Ćosić, K., Popović, S., Šarlija, M., Kesedžić, I., & Jovanovic, T. (2020). Artificial intelligence in prediction 
of mental health disorders induced by the COVID-19 pandemic among health care workers. Croatian 
Medical Journal, 61(3), 279–288. https://doi.org/10.3325/cmj.2020.61.279

Dabek, F., & Caban, J. J. (2015). A Neural Network Based Model for Predicting Psychological Conditions. 
Brain Informatics and Health. BIH 2015. Lecture Notes in Computer Science, 9250, 252–261. https://
doi.org/10.1007/978-3-319-23344-4_25

Davies, D. L., & Bouldin, D. W. (1979). A Cluster Separation Measure. IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence, PAMI-1(2), 224–227. https://doi.org/10.1109/TPAMI.1979.4766909

Ding, Y., Liu, J., Zhang, X., & Yang, Z. (2022). Dynamic Tracking of State Anxiety via Multi-Modal Data 
and Machine Learning. Frontiers in Psychiatry, 13. https://doi.org/10.3389/fpsyt.2022.757961

Doğan, U., & Palanci, M. (2015). Music performance anxiety scale for High School students: validity and 
reliability study. International Journal of Psychology and Educational Studies, 2(1), 9–17. https://
doi.org/10.1177/0305735690182006

1 3

11045

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.1111/EXSY.13027
http://dx.doi.org/10.3389/fpsyg.2018.01895
http://dx.doi.org/10.1016/J.COMPSTRUC.2016.03.001
http://dx.doi.org/10.1016/J.COMPSTRUC.2016.03.001
http://dx.doi.org/10.1080/00207160.2020.1775820
http://dx.doi.org/10.1080/00228958.1990.10518619
http://dx.doi.org/10.1080/10615806.2010.494328
http://dx.doi.org/10.1080/10615806.2010.494328
http://dx.doi.org/10.1109/access.2020.3031718
http://dx.doi.org/10.1177/0022429410386965
http://dx.doi.org/10.1007/S12065-022-00701-6
http://dx.doi.org/10.1109/ICASSP.2014.6854278
http://dx.doi.org/10.3390/A10040123
http://dx.doi.org/10.7243/2053-7662-3-1
http://dx.doi.org/10.3325/cmj.2020.61.279
http://dx.doi.org/10.1007/978-3-319-23344-4_25
http://dx.doi.org/10.1007/978-3-319-23344-4_25
http://dx.doi.org/10.1109/TPAMI.1979.4766909
http://dx.doi.org/10.3389/fpsyt.2022.757961
http://dx.doi.org/10.1177/0305735690182006
http://dx.doi.org/10.1177/0305735690182006


Education and Information Technologies (2023) 28:11027–11050

Ezugwu, A. E. (2020). Nature-inspired metaheuristic techniques for automatic clustering: a survey and per-
formance study. SN Applied Sciences, 2(2), https://doi.org/10.1007/S42452-020-2073-0/TABLES/7

Ezugwu, A. E., Ikotun, A. M., Oyelade, O. O., Abualigah, L., Agushaka, J. O., Eke, C. I., & Akinyelu, A. 
A. (2022). A comprehensive survey of clustering algorithms: State-of-the-art machine learning appli-
cations, taxonomy, challenges, and future research prospects. Engineering Applications of Artificial 
Intelligence, 110. https://doi.org/10.1016/J.ENGAPPAI.2022.104743

Fan, X., Sayers, W., Zhang, S., Han, Z., Ren, L., & Chizari, H. (2020). Review and classification of Bio-
inspired Algorithms and their applications. Journal of Bionic Engineering, 17(3), 611–631. https://
doi.org/10.1007/s42235-020-0049-9

Faramarzi, A., Heidarinejad, M., Stephens, B., & Mirjalili, S. (2020). Equilibrium optimizer: A novel optimi-
zation algorithm. Knowledge-Based Systems, 191. https://doi.org/10.1016/J.KNOSYS.2019.105190

Fernholz, I., Mumm, J. L. M., Plag, J., Noeres, K., Rotter, G., Willich, S. N., Ströhle, A., Berghöfer, A., & 
Schmidt, A. (2019). Performance anxiety in professional musicians: a systematic review on preva-
lence, risk factors and clinical treatment effects. Psychological Medicine, 49(14), 2287–2306. https://
doi.org/10.1017/S0033291719001910

Fister, I., Yang, X. S., & Brest, J. (2013). Survey Paper A comprehensive review of firefly algorithms. 
Swarm and Evolutionary Computation, 13, 34–46. https://doi.org/10.1016/j.swevo.2013.06.001

Friedman, H. P., & Rubin, J. (1967). On some invariant criteria for Grouping Data. Journal of the Ameri-
can Statistical Association, 62(320), 1159–1178. https://doi.org/10.1080/01621459.1967.10500923

Galatzer-Levy, I. R., Karstoft, K. I., Statnikov, A., & Shalev, A. Y. (2014). Quantitative forecasting of 
PTSD from early trauma responses: a machine learning application. Journal of Psychiatric Research, 
59, 68–76. https://doi.org/10.1016/J.JPSYCHIRES.2014.08.017

Goodman, G., & Kaufman, J. (2014). Gremlins in my head: Predicting stage fright in elite actors. Empiri-
cal Studies of the Arts, 32(2), 133–148. https://doi.org/10.2190/EM.32.2.b

Guo, X., Yan, X., & Jermsittiparsert, K. (2021). Using the modified mayfly algorithm for optimizing 
the component size and operation strategy of a high temperature PEMFC-powered CCHP. Energy 
Reports, 7, 1234–1245. https://doi.org/10.1016/J.EGYR.2021.02.042

Gupta, T., & Gehlawat, P. (2022). Technology-Driven Interventions for Attention Deficit Hyperactivity 
Disorder (ADHD). In T. Wadhera & D. Kakkar (Eds.), Enabling Technology for Neurodevelopmental 
Disorders (pp. 124–131). Routledge. https://doi.org/10.4324/9781003165569-8

Guyon, A. J. A. A., Studer, R. K., Hildebrandt, H., Horsch, A., Nater, U. M., & Gomez, P. (2020). Music 
performance anxiety from the challenge and threat perspective: psychophysiological and perfor-
mance outcomes. BMC Psychology, 8(1), 1–13. https://doi.org/10.1186/s40359-020-00448-8

Hilbert, K., Lueken, U., Muehlhan, M., & Beesdo-Baum, K. (2017). Separating generalized anxiety disor-
der from major depression using clinical, hormonal, and structural MRI data: a multimodal machine 
learning study. Brain and Behavior, 7(3), https://doi.org/10.1002/BRB3.633

Hitchcock, C. A., Chavira, D. A., & Stein, M. B. (2009). Recent findings in social phobia among children 
and adolescents. The Israel Journal of Psychiatry and Related Sciences, 46(1), 34–44.

Hwang, G. J., Xie, H., Wah, B. W., & Gašević, D. (2020). Vision, challenges, roles and research issues 
of Artificial Intelligence in Education. Computers and Education: Artificial Intelligence, 1, 100001. 
https://doi.org/10.1016/j.caeai.2020.100001

José-García, A., & Gómez-Flores, W. (2016). Automatic clustering using nature-inspired metaheuristics: a 
survey. Applied Soft Computing, 41, 192–213. https://doi.org/10.1016/J.ASOC.2015.12.001

Kar, A. K. (2016). Bio inspired computing – a review of algorithms and scope of applications. Expert 
Systems with Applications, 59, 20–32. https://doi.org/10.1016/J.ESWA.2016.04.018

Kenny, D. (2011). The psychology of music performance anxiety. Oxford University Press.
Khan, N. S., Ghani, M. S., & Anjum, G. (2021). ADAM-sense: anxiety-displaying activities recognition by 

motion sensors. Pervasive and Mobile Computing, 78, https://doi.org/10.1016/j.pmcj.2021.101485
Kiliç, E. Z., Kiliç, C., & Yilmaz, S. (2008). Is anxiety sensitivity a predictor of PTSD in children 

and adolescents? Journal of Psychosomatic Research, 65(1), 81–86. https://doi.org/10.1016/J.
JPSYCHORES.2008.02.013

Kusserow, M., Candia, V., Amft, O., Hildebrandt, H., Folkers, G., & Tröster, G. (2012). Monitoring stage 
fright outside the laboratory: an example in a professional musician using wearable sensors. Medical 
Problems of Performing Artists, 27(1), 21–30. https://doi.org/10.21091/mppa.2012.1005

Langendörfer, F., Hodapp, V., Kreutz, G., & Bongard, S. (2006). Personality and performance anxiety 
among professional orchestra musicians. Journal of Individual Differences, 27(3), 162–171. https://
doi.org/10.1027/1614-0001.27.3.162

1 3

11046

http://dx.doi.org/10.1007/S42452-020-2073-0/TABLES/7
http://dx.doi.org/10.1016/J.ENGAPPAI.2022.104743
http://dx.doi.org/10.1007/s42235-020-0049-9
http://dx.doi.org/10.1007/s42235-020-0049-9
http://dx.doi.org/10.1016/J.KNOSYS.2019.105190
http://dx.doi.org/10.1017/S0033291719001910
http://dx.doi.org/10.1017/S0033291719001910
http://dx.doi.org/10.1016/j.swevo.2013.06.001
http://dx.doi.org/10.1080/01621459.1967.10500923
http://dx.doi.org/10.1016/J.JPSYCHIRES.2014.08.017
http://dx.doi.org/10.2190/EM.32.2.b
http://dx.doi.org/10.1016/J.EGYR.2021.02.042
http://dx.doi.org/10.4324/9781003165569-8
http://dx.doi.org/10.1186/s40359-020-00448-8
http://dx.doi.org/10.1002/BRB3.633
http://dx.doi.org/10.1016/j.caeai.2020.100001
http://dx.doi.org/10.1016/J.ASOC.2015.12.001
http://dx.doi.org/10.1016/J.ESWA.2016.04.018
http://dx.doi.org/10.1016/j.pmcj.2021.101485
http://dx.doi.org/10.1016/J.JPSYCHORES.2008.02.013
http://dx.doi.org/10.1016/J.JPSYCHORES.2008.02.013
http://dx.doi.org/10.21091/mppa.2012.1005
http://dx.doi.org/10.1027/1614-0001.27.3.162
http://dx.doi.org/10.1027/1614-0001.27.3.162


Education and Information Technologies (2023) 28:11027–11050

Laref, R., Losson, E., Sava, A., & Siadat, M. (2019). On the optimization of the support vector machine 
regression hyperparameters setting for gas sensors array applications. Chemometrics and Intelligent 
Laboratory Systems, 184, 22–27. https://doi.org/10.1016/J.CHEMOLAB.2018.11.011

Liang, Z., Zhong, P., Liu, M., Zhang, C., & Zhang, Z. (2022). A computational efficient optimiza-
tion of flow shop scheduling problems. Scientific Reports, 12(1), 845. https://doi.org/10.1038/
s41598-022-04887-8

Liu, F., Guo, W., Fouche, J. P., Wang, Y., Wang, W., Ding, J., Zeng, L., Qiu, C., Gong, Q., Zhang, W., & Chen, 
H. (2015). Multivariate classification of social anxiety disorder using whole brain functional con-
nectivity. Brain Structure & Function, 220(1), 101–115. https://doi.org/10.1007/S00429-013-0641-4

Liu, Z., Jiang, P., Wang, J., & Zhang, L. (2021). Ensemble forecasting system for short-term wind 
speed forecasting based on optimal Sub-Model Selection and Multi-Objective Version of Mayfly 
optimization Algorithm. Expert Systems with Applications, 177, 114974. https://doi.org/10.1016/j.
eswa.2021.114974

Lueken, U., Straube, B., Yang, Y., Hahn, T., Beesdo-Baum, K., Wittchen, H. U., Konrad, C., Ströhle, 
A., Wittmann, A., Gerlach, A. L., Pfleiderer, B., Arolt, V., & Kircher, T. (2015). Separating depres-
sive comorbidity from panic disorder: a combined functional magnetic resonance imaging and 
machine learning approach. Journal of Affective Disorders, 184, 182–192. https://doi.org/10.1016/J.
JAD.2015.05.052

Ma, H., Bandos, A. I., Rockette, H. E., & Gur, D. (2013). On use of partial area under the ROC curve 
for evaluation of diagnostic performance. Statistics in Medicine, 32(20), 3449–3458. https://doi.
org/10.1002/SIM.5777

Mastrothanasis, K., & Kladaki, M. (2022). Parastasiako agxos ke pagoma epi skinis: Psichometriki aksi-
ologisi ke diagnostiki epikirosi klidas paratirisis pedion stin proefivia gia ton ekpedeftiko [Theatrical 
performance anxiety and stage fright: Psychometric evaluation and diagnostic validation of an obser-
vation scale for the pre-adolescent’s teacher]. Dialogoi! Theory and Praxis in Education, 8. https://
doi.org/10.12681/dial.27921

Mastrothanasis, K., Zervoudakis, K., & Kladaki, M. (2021). Detecting high levels of stage fright at stu-
dents using computational intelligence techniques. In I. Halilova & A. Amanzholova (Eds.), Full 
texts book (Vol. 1). 2nd International Hazar Scientific Researches Conference (pp. 570–584). Khazar 
University, IKSAD Global.

McGinnis, E. W., Anderau, S. P., Hruschak, J., Gurchiek, R. D., Lopez-Duran, N. L., Fitzgerald, K., Rosen-
blum, K. L., Muzik, M., & McGinnis, R. S. (2019). Giving Voice to Vulnerable Children: machine 
learning analysis of Speech detects anxiety and depression in early childhood. IEEE Journal of Bio-
medical and Health Informatics, 23(6), 2301. https://doi.org/10.1109/JBHI.2019.2913590

Meijer, J., & Oostdam, R. (2011). Effects of instruction and stage-fright on intelligence testing. European 
Journal of Psychology of Education, 26(1), 143–161. https://doi.org/10.1007/s10212-010-0033-6

Merritt, L., Richards, A., & Davis, P. (2001). Performance anxiety: loss of the spoken edge. Journal of 
Voice, 15(2), 257–269. https://doi.org/10.1016/S0892-1997(01)00026-1

Muhammad, A., Ashjan, B., Ghufran, M., Taghreed, S., Nada, A., Nada, A., & Maryam, A. (2020). Clas-
sification of anxiety Disorders using machine learning methods: a Literature Review. Insights of 
Biomedical Research, 4(1), 95–110. https://doi.org/10.36959/584/455

Nordin-Bates, S. (2012). Performance psychology in the Performing Arts. In S. Murphy (Ed.), The Oxford 
Handbook of Sport and Performance psychology (pp. 81–114). Oxford University Press.

Omurca, S. I., & Ekinci, E. (2015). An alternative evaluation of post traumatic stress disorder with machine 
learning methods. 2015 International Symposium on Innovations in Intelligent Systems and Applica-
tions (INISTA), 1–7. https://doi.org/10.1109/INISTA.2015.7276754

Papageorgi, I. (2021). Typologies of adolescent musicians and experiences of performance anxiety among 
Instrumental Learners. Frontiers in Psychology. https://doi.org/10.3389/FPSYG.2021.645993

Papageorgi, I. (2022). Prevalence and predictors of music performance anxiety in adolescent learners: con-
tributions of individual, task-related and environmental factors. Musicae Scientiae, 26(1), 101–122. 
https://doi.org/10.1177/1029864920923128

Papageorgi, I., Creech, A., & Welch, G. (2013). Perceived performance anxiety in advanced musi-
cians specializing in different musical genres. Psychology of Music, 41(1), 18–41. https://doi.
org/10.1177/0305735611408995

Papageorgi, I., & Kopiez, R. (2012). Psychological and physiological aspects of learning to perform. In G. E. 
McPherson, & G. F. Welch (Eds.), The Oxford Handbook of Music Education, volume 1 (pp. 730–751). 
Oxford University Press. https://doi.org/10.1093/oxfordhb/9780199730810.013.0044_update_001

1 3

11047

http://dx.doi.org/10.1016/J.CHEMOLAB.2018.11.011
http://dx.doi.org/10.1038/s41598-022-04887-8
http://dx.doi.org/10.1038/s41598-022-04887-8
http://dx.doi.org/10.1007/S00429-013-0641-4
http://dx.doi.org/10.1016/j.eswa.2021.114974
http://dx.doi.org/10.1016/j.eswa.2021.114974
http://dx.doi.org/10.1016/J.JAD.2015.05.052
http://dx.doi.org/10.1016/J.JAD.2015.05.052
http://dx.doi.org/10.1002/SIM.5777
http://dx.doi.org/10.1002/SIM.5777
http://dx.doi.org/10.12681/dial.27921
http://dx.doi.org/10.12681/dial.27921
http://dx.doi.org/10.1109/JBHI.2019.2913590
http://dx.doi.org/10.1007/s10212-010-0033-6
http://dx.doi.org/10.1016/S0892-1997(01)00026-1
http://dx.doi.org/10.36959/584/455
http://dx.doi.org/10.1109/INISTA.2015.7276754
http://dx.doi.org/10.3389/FPSYG.2021.645993
http://dx.doi.org/10.1177/1029864920923128
http://dx.doi.org/10.1177/0305735611408995
http://dx.doi.org/10.1177/0305735611408995
http://dx.doi.org/10.1093/oxfordhb/9780199730810.013.0044_update_001


Education and Information Technologies (2023) 28:11027–11050

Pintelas, E. G., Kotsilieris, T., Livieris, I. E., & Pintelas, P. (2018). A review of machine learning predic-
tion methods for anxiety disorders. DSAI 2018: Proceedings of the 8th International Conference on 
Software Development and Technologies for Enhancing Accessibility and Fighting Info-Exclusion, 
8–15. https://doi.org/10.1145/3218585.3218587

Pizzo, A., Lombardo, V., & Damiano, R. (2019). Algorithms and interoperability between Drama and 
Artificial Intelligence. TDR/The Drama Review, 63(4 (244)), 14–32. https://doi.org/10.1162/
DRAM_A_00872

Priya, A., Garg, S., & Tigga, N. P. (2020). Predicting anxiety, depression and stress in Modern Life 
using machine learning algorithms. Procedia Computer Science, 167, 1258–1267. https://doi.
org/10.1016/J.PROCS.2020.03.442

Psychountaki, M., Zervas, Y., Karteroliotis, K., & Spielberger, C. (2003). Reliability and validity of the 
greek version of the STAIC. European Journal of Psychological Assessment, 19(2), 124–130. https://
doi.org/10.1027//1015-5759.19.2.124

Qaddoura, R., Aljarah, I., Faris, H., & Mirjalili, S. (2021). A Grey Wolf-Based Clustering Algorithm for 
Medical Diagnosis Problems. In I. Aljarah, H. Faris, & S. Mirjalili (Eds.), Evolutionary Data Cluster-
ing: Algorithms and Applications. Algorithms for Intelligent Systems (pp. 73–87). Springer. https://
doi.org/10.1007/978-981-33-4191-3_3

Rana, S., Jasola, S., & Kumar, R. (2011). A review on particle swarm optimization algorithms and their 
applications to data clustering. Artificial Intelligence Review, 35(3), 211–222. https://doi.org/10.1007/
s10462-010-9191-9

Roni, M. H. K., Rana, M. S., Pota, H. R., Hasan, M. M., & Hussain, M. S. (2022). Recent trends in 
bio-inspired meta-heuristic optimization techniques in control applications for electrical systems: a 
review. International Journal of Dynamics and Control, 10(3), 999–1011. https://doi.org/10.1007/
S40435-021-00892-3/TABLES/2

Salekin, A., Eberle, J. W., Glenn, J. J., Teachman, B. A., & Stankovic, J. A. (2018). A Weakly Supervised 
Learning Framework for Detecting Social Anxiety and Depression. Proceedings of the ACM on Inter-
active, Mobile, Wearable and Ubiquitous Technologies, 2(2), 81. https://doi.org/10.1145/3214284

Sau, A., & Bhakta, I. (2019). Screening of anxiety and depression among seafarers using machine 
learning technology. Informatics in Medicine Unlocked, 16, 100228. https://doi.org/10.1016/J.
IMU.2019.100228

Saxe, G. N., Ma, S., Ren, J., & Aliferis, C. (2017). Machine learning methods to predict child posttraumatic 
stress: a proof of concept study. Bmc Psychiatry, 17(1), https://doi.org/10.1186/S12888-017-1384-1

Scott, S. (2017). Transitions and transcendence of the self: stage fright and the Paradox of Shy Performa-
tivity. Sociology, 51(4), 715–731. https://doi.org/10.1177/0038038515594093

Senthilnath, J., Omkar, S. N., & Mani, V. (2011). Clustering using firefly algorithm: performance 
study. Swarm and Evolutionary Computation, 1(3), 164–171. https://doi.org/10.1016/J.
SWEVO.2011.06.003

Spielberger, C. (1966). Theory and research on anxiety. In C. Spielberger (Ed.), Anxiety and behavior (pp. 
3–20). Academic Press Inc.

Spielberger, C., Edwards, C. D., Lushene, R., Montuori, G., & Platzek, D. (1973). State-trait anxiety 
inventory for children (STAI-CH). Consulting Psychologists Press.

Steptoe, A., Malik, F., Pay, C., Pearson, P., Price, C., & Win, Z. (1995). The impact of stage fright on stu-
dent actors. British Journal of Psychology, 86(1), 27–39. https://doi.org/10.1111/J.2044-8295.1995.
TB02544.X

Streiner, D. L., & Cairney, J. (2007). What’s under the ROC? An introduction to receiver oper-
ating characteristics curves. Canadian Journal of Psychiatry, 52(2), 121–128. https://doi.
org/10.1177/070674370705200210

Studer, R., Gomez, P., Hildebrandt, H., Arial, M., & Danuser, B. (2011). Stage fright: its experience as 
a problem and coping with it. International Archives of Occupational and Environmental Health, 
84(7), 761–771. https://doi.org/10.1007/s00420-010-0608-1

Tamilmani, G., Devi, V. B., Sujithra, T., Shajin, F. H., & Rajesh, P. (2022). Cancer MiRNA biomarker 
classification based on Improved Generative Adversarial Network optimized with Mayfly optimiza-
tion Algorithm. Biomedical Signal Processing and Control, 75, 103545. https://doi.org/10.1016/J.
BSPC.2022.103545

Thomson, P., & Jaque, S. V. (2017). Creativity and the Performing Artist: behind the Mask. Creativity and 
the Performing Artist: behind the Mask. Academic Press Inc.

Torres-Jiménez, J., & Pavón, J. (2014). Applications of metaheuristics in real-life problems. Progress in 
Artificial Intelligence, 2(4), 175–176. https://doi.org/10.1007/s13748-014-0051-8

1 3

11048

http://dx.doi.org/10.1145/3218585.3218587
http://dx.doi.org/10.1162/DRAM_A_00872
http://dx.doi.org/10.1162/DRAM_A_00872
http://dx.doi.org/10.1016/J.PROCS.2020.03.442
http://dx.doi.org/10.1016/J.PROCS.2020.03.442
http://dx.doi.org/10.1027//1015-5759.19.2.124
http://dx.doi.org/10.1027//1015-5759.19.2.124
http://dx.doi.org/10.1007/978-981-33-4191-3_3
http://dx.doi.org/10.1007/978-981-33-4191-3_3
http://dx.doi.org/10.1007/s10462-010-9191-9
http://dx.doi.org/10.1007/s10462-010-9191-9
http://dx.doi.org/10.1007/S40435-021-00892-3/TABLES/2
http://dx.doi.org/10.1007/S40435-021-00892-3/TABLES/2
http://dx.doi.org/10.1145/3214284
http://dx.doi.org/10.1016/J.IMU.2019.100228
http://dx.doi.org/10.1016/J.IMU.2019.100228
http://dx.doi.org/10.1186/S12888-017-1384-1
http://dx.doi.org/10.1177/0038038515594093
http://dx.doi.org/10.1016/J.SWEVO.2011.06.003
http://dx.doi.org/10.1016/J.SWEVO.2011.06.003
http://dx.doi.org/10.1111/J.2044-8295.1995.TB02544.X
http://dx.doi.org/10.1111/J.2044-8295.1995.TB02544.X
http://dx.doi.org/10.1177/070674370705200210
http://dx.doi.org/10.1177/070674370705200210
http://dx.doi.org/10.1007/s00420-010-0608-1
http://dx.doi.org/10.1016/J.BSPC.2022.103545
http://dx.doi.org/10.1016/J.BSPC.2022.103545
http://dx.doi.org/10.1007/s13748-014-0051-8


Education and Information Technologies (2023) 28:11027–11050

Tsafarakis, S., Zervoudakis, K., Andronikidis, A., & Altsitsiadis, E. (2020). Fuzzy self-tuning differen-
tial evolution for optimal product line design. European Journal of Operational Research, 287(3), 
1161–1169. https://doi.org/10.1016/j.ejor.2020.05.018

Wilson, G. (2002). Psychology for Performing Artists. Whurr Publishers.
Wilson, G., & Roland, D. (2002). Performance anxiety. In R. Parncutt, & G. McPherson (Eds.), The 

Science and psychology of music performance: creative strategies for teaching and learning (pp. 
47–62). Oxford University Press.

Wright, P. (1999). The thought of doing Drama scares me to death. Research in Drama Education: The Jour-
nal of Applied Theatre and Performance, 4(2), 227–237. https://doi.org/10.1080/1356978990040206

Xiang, W., li, Zhu, N., Ma, S., feng, Meng, X., & An, M. (2015). qing. A dynamic shuffled differential 
evolution algorithm for data clustering. Neurocomputing, 158, 144–154. https://doi.org/10.1016/J.
NEUCOM.2015.01.058

Xiong, H., Berkovsky, S., Romano, M., Sharan, R. V., Liu, S., Coiera, E., & McLellan, L. F. (2021). 
Prediction of anxiety disorders using a feature ensemble based bayesian neural network. Journal of 
Biomedical Informatics, 123, 103921. https://doi.org/10.1016/J.JBI.2021.103921

Yang, S. J. H., Ogata, H., Matsui, T., & Chen, N. S. (2021). Human-centered artificial intelligence in edu-
cation: seeing the invisible through the visible. Computers and Education: Artificial Intelligence, 2, 
100008. https://doi.org/10.1016/J.CAEAI.2021.100008

Yang, X. S. (2020). Nature-inspired optimization algorithms: Challenges and open problems. Journal of 
Computational Science, 46, 101104. https://doi.org/10.1016/J.JOCS.2020.101104

Zervoudakis, K., Mastrothanasis, K., & Tsafarakis, S. (2020). Forming automatic groups of learners using 
particle swarm optimization for applications of differentiated instruction. Computer Applications in 
Engineering Education, 28(2), 282–292. https://doi.org/10.1002/cae.22191

Zervoudakis, K., & Tsafarakis, S. (2020). A mayfly optimization algorithm. Computers & Industrial Engi-
neering, 145, 106559. https://doi.org/10.1016/J.CIE.2020.106559

Zervoudakis, K., & Tsafarakis, S. (2022). A global optimizer inspired from the survival strategies of flying 
foxes. Engineering With Computers, 1–34. https://doi.org/10.1007/S00366-021-01554-W

Zhang, W., Yang, X., Lui, S., Meng, Y., Yao, L., Xiao, Y., Deng, W., Zhang, W., & Gong, Q. (2015). 
Diagnostic Prediction for Social Anxiety Disorder via Multivariate Pattern Analysis of the Regional 
Homogeneity. BioMed Research International, 2015. https://doi.org/10.1155/2015/763965

Zhao, J., & Gao, Z. M. (2020). The improved mayfly optimization algorithm with Chebyshev map. Journal 
of Physics: Conference Series, 1684(1), 012075. https://doi.org/10.1088/1742-6596/1684/1/012075

Zhou, X., Chai, C., Li, G., & Sun, J. (2020). Database meets Artificial Intelligence: a Survey. IEEE 
Transactions on Knowledge and Data Engineering, 34(3), 1096–1116. https://doi.org/10.1109/
TKDE.2020.2994641

Zitouni, F., Harous, S., & Maamri, R. (2021). The Solar System Algorithm: a novel metaheuristic method 
for global optimization. IEEE Access, 9. https://doi.org/10.1109/ACCESS.2020.3047912

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under 
a publishing agreement with the author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of such publishing agreement and appli-
cable law.

Authors and Affiliations

Konstantinos Mastrothanasis1 · Konstantinos Zervoudakis2 · Maria Kladaki1 · 
Stelios Tsafarakis2

	
 Konstantinos Mastrothanasis
pred18001@aegean.gr

	
 Konstantinos Zervoudakis

1 3

11049

http://dx.doi.org/10.1016/j.ejor.2020.05.018
http://dx.doi.org/10.1080/1356978990040206
http://dx.doi.org/10.1016/J.NEUCOM.2015.01.058
http://dx.doi.org/10.1016/J.NEUCOM.2015.01.058
http://dx.doi.org/10.1016/J.JBI.2021.103921
http://dx.doi.org/10.1016/J.CAEAI.2021.100008
http://dx.doi.org/10.1016/J.JOCS.2020.101104
http://dx.doi.org/10.1002/cae.22191
http://dx.doi.org/10.1016/J.CIE.2020.106559
http://dx.doi.org/10.1007/S00366-021-01554-W
http://dx.doi.org/10.1155/2015/763965
http://dx.doi.org/10.1088/1742-6596/1684/1/012075
http://dx.doi.org/10.1109/TKDE.2020.2994641
http://dx.doi.org/10.1109/TKDE.2020.2994641
http://dx.doi.org/10.1109/ACCESS.2020.3047912


Education and Information Technologies (2023) 28:11027–11050

kzervoudakis@isc.tuc.gr

	
 Maria Kladaki
mkladaki@aegean.gr

	
 Stelios Tsafarakis
tsafarakis@dpem.tuc.gr

1	 School of Humanities, Department of Primary Education, University of the Aegean, 
Dimokratias 1, 85132 Rhodes, Greece

2	 School of Production Engineering and Management, Technical University of Crete,  
731 00 Chania, Greece

1 3

11050


	﻿A bio-inspired computational classifier system for the evaluation of children’s theatrical anxiety at school
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿﻿2﻿ ﻿Artificial intelligence and anxiety detection
	﻿3﻿ ﻿Bio-inspired computation intelligence
	﻿3.1﻿ ﻿Mayfly optimization algorithm

	﻿﻿4﻿ ﻿Purpose of the study
	﻿﻿5﻿ ﻿Method
	﻿5.1﻿ ﻿Datasets
	﻿5.2﻿ ﻿Research design

	﻿﻿6﻿ ﻿Results
	﻿﻿7﻿ ﻿Discussion
	﻿8﻿ ﻿Conclusions
	﻿References


