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Abstract
In the education sector, there is a rapid increase in using online teaching and learn-
ing scenarios. Making these scenarios more effective is the main purpose of this 
study. Though there are a lot of factors that affect it, however, the primary focus is 
to find out the relationship between a teacher’s personality and their liking for online 
teaching. To conduct the study, a framework has been proposed which is a mixed 
design of self-reported (emotions and personality) data and physiological responses 
of a teacher. In self-reported data, along with teachers, learners’ perception of a 
teacher’s personality is also considered which explores their relationship with online 
teaching. The final results reveal that teachers with a high level of agreeableness, 
conscientiousness, and openness personality traits are more comfortable with online 
teaching as compared to extraversion and neuroticism traits. To validate the self-
reported data analysis, the physiological responses of teachers were recorded that 
ensure the authenticity of the collected data. It also ensures that the physiological 
responses along with emotions are also good indicators of personality recognition.

Keywords  Education · Online teaching · Personality · ECG · GSR · fEMG

1  Introduction

Online Teaching (OT) has become an essential part of the education sector. It is 
another way of providing education to learners through virtual platforms (Yu, 2021). 
In comparison to offline, online provides many benefits such as flexibility of time 
and place, cost-efficiency, ubiquity, and ease of accessibility (Evans, 2014). For OT, 
there is no need to be physically present anywhere. It saves the cost and time of 
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commuting, building resources, and maintaining infrastructure. In addition to this, it 
also gives learners the facility to access the course at any time from any place (Starr-
Glass, 2013).

However, with these advantages, the sudden transition from Offline to Online 
has brought several challenges for teachers and learners also. On the learner’s side, 
their less engagement in the course, lack of attentiveness, unaffordable technology 
and internet unavailability in rural areas, plagiarism in assessment tasks, etc. are the 
multiple issues that have been reported by many researchers (e.g. Borg et al., 2021; 
Maican et al., 2019; Scherer et al., 2021). It may somewhere lead to a low retention 
rate of learners in OT as compared to offline.

Another side, at teacher part, it has been found that some of them believe that 
with OT, there is an increase in a communication gap between them and learners 
as no face-to-face interaction exists which limits the supervision of students in the 
classroom (Martin et al., 2019). Some of the teachers also did not have the proper 
resources and were not familiar with tools and technologies. Due to this, the effec-
tiveness of teaching and learning suffered a lot when OT took place (Maican et al., 
2019). But, on the opposite side, some teachers adapted the OT scenarios more 
comfortably as they give them the flexibility to work, more confidence, and courage 
to teach as no face-to-face interaction takes place (Svendsen et al., 2011).

Therefore, it could be assumed that the adaption of the OT scenario is subjective 
to the personal factors of a teacher. These factors include personality, perception, 
liking, emotions, or sentiments. In other words, to make an OT scenario a big suc-
cess, the relation between the teacher’s personality and their liking of the Online 
method of teaching needs to be examined critically.

1.1 � Need of physiological responses

A few researchers have already analyzed these factors like personality, age, and 
gender, but based on questionnaires only (Yu, 2021; Grieve et al., 2019). At some 
point, their results are also contradictory because self-assessment-based data always 
give biased results (Miranda-Correa et al., 2021). For instance, in one research it has 
been found that learners with extrovert personality traits are more comfortable with 
OT and another research reports the opposite truth i.e. learners with introverted per-
sonalities are much more suitable for OT. Therefore, in this paper, the teachers’ per-
sonalities, perceptions, and emotions are analyzed and validated to address this gap.

1.2 � Aim of the study

The present work aims to analyze the teacher’s personalities from their self-reported 
values as well as from the learner’s perspective also. Further, they are validated on 
the base of the teacher’s physiological signals as they are uncontrollable factors and 
give genuine results. For self-reported values of personality and emotions, a big five-
factor questionnaire (Donnellan et al., 2006) and Self-Assessment Manikins (SAM) 
form is used (Bradley & Lang, 1994). To capture the physiological parameters, 
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Electrocardiography (ECG), FEMG (Facial Electromyogram), and GSR (Galvanic 
Skin Response) sensors are used.

To achieve this aim, a framework is designed that analyzes the emotions, person-
ality, and suitability of a teacher for an OT. Its working is divided into sub-parts.

1.	 Investigating a teacher’s personality from a learner’s perspective.
2.	 Investigating a teacher’s personality from their perspective in combination with 

their emotions for OT.
3.	 A framework for validating teachers’ personalities using physiological signals 

through case analysis.

To achieve the complete goal of this work, the paper is divided into multiple 
sections. Section  2 describes the models related to personality along with a brief 
description of physiological signals. It also shows the background work done related 
to OT and personality prediction using physiological signals. Section 3 explains the 
methodology adopted for the investigation of personality using two different ways. It 
also presents the framework that has been designed for Further, Section 4 shows the 
results obtained following the Conclusion and Future work in Section 5.

2 � Background

In this section, firstly information about personality traits, physiological signals, and 
their models or measures is given. After that, background work related to making 
OT scenarios more effective is discussed. With this, the research linked to physi-
ological responses that ensure them as good indicators for personality prediction is 
also presented. In the last of this section, the hypothesis that is going to be proposed 
for the current work is briefly mentioned.

2.1 � Personality and its measures

Personality is a human characteristic that can be described by various parameters 
and makes every individual unique or different from others (Butt et al., 2020). For 
assessing personality, various theories and models have already been designed such 
as PEN (Psychoticism, Extraversion, and Neuroticism) model (Basu et  al., 2018), 
Big five-factor model (Arispe & Blake, 2012), NEO-FFI (NEO- five-factor inven-
tory) (McCrae & Costa, 2004), and MBTI (Myer Briggs Type Indicator) (Ismail 
et  al., 2017). Among these models, for the current work, a very famous Big five-
factor model is used. It measures personality into five dimensions—Extraversion, 
Agreeableness, Conscientiousness, Neuroticism, and Openness. It is also known 
as the OCEAN model. For more understanding, these personality dimensions are 
mentioned with some of the characteristics with low and high values as shown in 
Table 1. For instance, if the person is low extraversion, he must be having quiet and 
reserved traits of personality. Similarly, if the person is highly extraversion, he must 



11196	 Education and Information Technologies (2023) 28:11193–11219

1 3

be talkative and sociable. This way all other dimensions are mentioned. To measure 
these traits, a 7-point Likert scale is used in the current work.

Along with personality, in the second approach, the teacher’s perception of OT 
is also collected. It includes liking as well as emotions reported by a teacher for 
OT. For this, the most common and easiest approach i.e., Self-Assessment Manikins 
(SAM) is used (Bradley & Lang, 1994). In SAM, emotions are conveyed in two cat-
egories of Valence and Arousal.

2.2 � Physiological modalities

Physiological signals are used to measure the various activities occurring in the 
human body related to the heart, brain, sweat gland, facial muscles, blood pressure, 
etc. However, the current work analyzed the heart, sweat glands, and facial muscles 
only which are explained below.

1.	 Electrocardiogram (ECG): ECG is the process of recording the electrical activity 
of the heart and is measured by placing electrodes over the skin. It records the 
signal from the heart that flows from the upper right of the body toward the lower 
left of the body (Hasnul et al., 2021).

2.	 Galvanic Skin Response (GSR): It indicates the variations in sweat gland activity 
that reflects the intensity of our emotional state known as emotional arousal (Yu 
& Shouqian, 2020).

3.	 Facial Electromyogram (fEMG): It indicates the degree of muscle contraction 
or measures electrical activity that reflects due to the nerve’s stimulation of the 
muscle on the face. It is also used to find the correlation between physiological 
responses and cognitive emotion (Pushpa Latha et al., 2013).

2.3 � The reason behind considering these signals for the study

For the current work, only three physiological responses that are ECG, GSR, and 
fEMG are considered by keeping in mind a teacher’s comfort. As teachers have to 
apply these sensors while taking online classes, therefore as compared to blood pres-
sure, and electroencephalography, the three sensors GSR, fEMG, and ECG were 

Table 1   Personality traits and their features

Low score Personality trait High score

Silent, Reserved Extraversion Loquacious, Sociable
Doubtful, Uncooperative Agreeableness Supportive, Approachable
Careless, Inattentive Conscientiousness Organized, Reliable
Peaceful, Secure Neuroticism Anxious, Sensitive
Cautious, Negligent Openness Imaginative, Original
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more convenient. In addition to this, cost constraints were also taken into account 
due to which these three physiological parameters have been chosen.

2.4 � Related work

This section summarizes the work done by various researchers to make scenarios of 
OT a success for teachers as well as learners. Following that, it also shows the work 
done for personality identification using physiological signals. From this survey, it is 
also ensured that the physiological parameters play a major role in investigating the 
role of personality.

2.4.1 � Previous work done in OT

Over the last 3 years, many educational institutions have adopted online platforms 
for teaching students. Due to some unavoidable circumstances like COVID-19 
where a complete lockdown happened and no one was allowed to go outside. Then 
it became mandatory in the education sector to adopt online teaching. Parallel to 
adaption, research on making this OT more effective was also taking place. Here 
are some of the studies that stated a lot of factors for an effective OT and are further 
explained.

It has been found that instructor quality plays an important role in OT scenar-
ios, as it is directly related to the student’s satisfaction. If students are enjoying the 
learning, then the OT is a big success (Martin et al., 2018). Other than this, curricu-
lum design also hampers the effectiveness of Online learning. If the course content, 
course structure, educational goals, etc. are not properly designed the students will 
not get any benefits from the OT (Almaiah & Alyoussef, 2019). One study suggested 
that the content which is to be delivered during OT to students should be creative. 
Video-based content and recordings help students a lot in learning and they can have 
access to all the lectures anytime which is an effective way of learning (Mishra et al., 
2020). In (Setiana et al., 2021), various factors have been explored that reduce the 
interest of students in online learning so that necessary action could be taken place.

However, on the other part, for some students, an OT is the best way of provid-
ing education with all the comforts of time and space. They consider it an easy and 
cost-effective way of learning. They give facilities to students to learn the course 
from any place at any time. (Muthuprasad et al., 2021; Kaup et al., 2020). With all 
the comforts for students, teachers found difficulty in supervising students also. How 
much control they have in the class matters a lot (Mukhtar et al., 2020). Therefore, 
on the teachers’ part other than their teaching methodologies, research on their fac-
tors like personality and emotions is also required. In (Yu, 2021), work on the effect 
of education level, gender, and personality on OT outcomes has also been observed 
that reveal the impact of multiple traits of learners on their learning outcomes but 
much more analysis is required on the teacher’s part. This paper (Noreen et  al., 
2019) also discusses the impact of a teacher’s personality on students’ achievement, 
but a deep analysis is again required for the same.
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Thus, in the current work, teachers’ personality has been investigated from their 
own as well as students’ perspective to find a relationship with their liking for OT. 
Also another factor i.e. physiological signals have been taken into consideration that 
ensures they are the best predictors of personality. They have been analyzed in com-
bination with emotions also which gives good results for personality prediction. In 
the next section, a review of personality prediction using physiological signals is 
presented.

2.4.2 � Personality recognition using physiological signals

This section presents information regarding the previous work done on personal-
ity prediction using physiological signals in Table  2. This information comprises 
various data like used physiological measures, applied filters, relevant extracted fea-
tures, machine learning models, and final results. These columns are equivalent to 
the flow of the personality prediction system which is further explained in the meth-
odology section.

From this table, it can be concluded that physiological signals are good indicators 
of the personality of a human being. These signals are uncontrollable and could be a 
reliable measure for knowing more about human behavior. Therefore, in the current 
work, after estimating the personality of a teacher from the self-report as well as the 
learner’s perspective, physiological signals-based prediction is also done. Addition-
ally, to make the current work clearer and result-oriented, some hypothesis has been 
designed in terms of personality traits.

2.5 � Extroversion

Teachers with extroversion traits like to involve themselves in social interaction and 
enjoy more face-to-face interactions as it acts as a positive stimulus for them. They 
are more friendly and always enjoy to involve in conversations (Arya et al., 2022). In 
contrast, introverted people are found to be more comfortable with the online envi-
ronment as they are not much comfortable with collaborative tasks and feel hesitant 
(Voorn & Kommers, 2013).

Hypothesis 1. The extroversion trait is negatively correlated with the liking of 
Online teaching.

2.6 � Agreeableness and Conscientiousness

Agreeableness is a trait that describes a person as kind, friendly and helpful. They 
give value to other people and are also concerned about their well-being. High levels 
of agreeableness show the teacher will always be positive about the OT and ready 
to help learners in any scenario (Rivers, 2021). Similarly, the high levels of consci-
entiousness talk about the punctuality or sincerity of a teacher. They adapt OT sce-
narios very responsibly and are dedicated to their duty. On the contrary, low levels 
of conscientiousness reflect the casualty of a teacher (Bhagat et al., 2019).
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Hypothesis 2. The agreeableness trait is positively correlated with the liking of 
Online teaching.
Hypothesis 3. The conscientiousness trait is positively correlated with the liking 
of Online teaching.

2.7 � Neuroticism and Openness

Neuroticism trait is more related to the emotional values of an individual. High 
levels of neuroticism reflect the emotional instability of teachers i.e. they tend to 
have uncertainty in their mind that generally lead to various issues like anxiety, and 
depression. In other words, low levels neurotic teachers were found more comfort-
able with OT scenarios (Watjatrakul, 2020). The other important personality trait is 
Openness in which teachers are more willing to explore new ideas and things. They 
are not conserved and always have a positive attitude toward learning online tech-
nologies. Teachers having low levels of openness don’t accept change very easily 
(Göncz, 2017).

Hypothesis 4. There is a negative correlation between neuroticism trait and lik-
ing for Online teaching.
Hypothesis 5. There is a positive correlation between openness trait and liking 
for Online teaching.

3 � Experimental methodology

This section proposes a framework that is designed for investigating the teacher’s 
personality as shown in Fig. 1. A mixed approach is used to identify the personal-
ity types from the self-reported data as well as physiological responses. With this, 
the learner also shares his perspective of the teacher’s personality which reflects 
its relation with the liking of OT. Firstly, the information about the subjects cho-
sen for the experiment is presented. Following that, the approaches are explained 
clearly in the next sections.

3.1 � Subjects

For the current analysis, 14 university teachers (9 Females, 5 Males) aged 
between 30 to 45, were chosen for the experiment. These teachers were very 
well aware of OT methods and conducted online synchronous classes. With this, 
18 graduation learners (11 Males, 7 Females) aged between 18–24  years were 
nominated from the class of selected teachers. They were supposed to attend a 
minimum of 15 lectures with full participation so that they can provide genuine 
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feedback. It has also been assured that they understand English very well and 
have knowledge of using online technology.

4 � Investigating a teacher’s personality from a learner’s perspective

In this approach, learners report about teachers’ personality traits and share their 
perspectives that whether teachers like teaching online or not. As explained earlier, 
the Big Five-factor questionnaire is used to measure personality, therefore, learners 
fill out this form along with the liking factor also. The procedure to conduct this 
analysis is also discussed.

4.1 � Procedure

The questionnaire was shared online with learners in which for each personality 
dimension further 10 sub-traits were given along with their meaning. Learners rate 
all those traits using a 7-point Likert scale (Miranda-Correa et al., 2021). After this, 

Fig. 1   The proposed framework for personality prediction
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the average value from all those sub-traits was calculated and it became the final 
value of that personality trait. For instance, in Extraversion, the further ten traits 
mentioned in the Big Five Factor questionnaire are Open, Warm-hearted, Extro-
verted, Exuberant, Vivacious, inward-looking Introvert, Reserved, Silent, and Shy. 
Learners rate these traits out of 7 and the average of all these will be the final value 
of the Extraversion trait. In the same way, other dimensions Agreeableness, Neuroti-
cism, Conscientiousness, and Openness also have further 10 traits and from them, 
the final median value is calculated. Along with this, these learners have also shared 
their views regarding the teacher’s liking for OT scenarios in terms of 0 and 1. 0 is 
for No, and 1 for Yes.

4.2 � Data summary

Out of 18 learners, few learners have not reported their perception of teacher person-
ality traits. Table 3 is representing the data about how many learners have given their 
feedback. For 18 learners, lear_1 to lear_18 and for 10 teachers, educ_1 to educ_10 
terminology is used. In Table 3, ‘Y’ is used for those learners who have filled in the 
data and ‘N’ for those who have not submitted any feedback to teachers.

4.3 � Results

This section shows the strength of the relationship between personality traits and the 
teacher’s liking for OT scenarios from the learner’s perspective. To evaluate this, 
correlation analysis, an approach to discover the dependencies or relation between 
any two variables is used (Prematunga, 2012). The Pearson correlation coefficient is 
calculated between personality and liking which gives the value that generally lies 
between -1 to + 1 and Zero (0) implying no correlation. Positive correlations imply 
that an increase in one variable increases in another one also. If the value is 1, there 
is a perfect positive relationship between the two variables. Negative correlations 
imply that as one value increases, the other will decreases. So, the following table 
shows Pearson’s correlation between personality traits and teachers’ liking for OT 
scenarios from the learner’s point of view.

4.4 � Analysis

Table 4 shows the relationship between all the personality traits and the teachers lik-
ing for OT from learners’ perspectives.

Firstly, in between personality traits, it has been observed that there is a highly 
significant correlation between Extraversion (Ext) and Openness (Open) traits. It 
means a teacher who is an extrovert would also love to be open, ambitious, and ready 
for new experiences. Similarly, Agreeable (Agr) and Conscientiousness (Conc) have 
a significant correlation between them. Neuroticism (Neu) is also positively corre-
lated with all personality traits.

Along with this, a correlation between personality traits and liking has also been 
analyzed and results are shown in Table 4. These results reveal that a teacher with 
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high levels of Agr, Conc, and Open is more liking the OT as they have a positive 
correlation between them. On the contrary, teachers that are extrovert and neurotic 
are not liking OT much as there is a negative correlation between Ext, Neu, and Lik-
ing. These results also satisfy the hypothesis that has been assumed earlier.

H1- The extroversion trait is negatively correlated with the liking of Online 
teaching (Accepted).
There is a negative correlation between Extraversion and Liking factor which sat-
isfies the hypothesis also. It is because extrovert teachers love to have more face-
to-face interactions as compared to online.
H2- The agreeableness trait is positively correlated with the liking of Online 
teaching (Accepted).
There is a positive correlation between Agreeableness and the Liking factor. This 
satisfies the hypothesis that learners that are cooperative and concerned for others 
are liking the OT scenario.
H3- The conscientiousness trait is positively correlated with the liking of Online 
teaching (Accepted).
From the results, it is clear that people with high levels of Conscientiousness are 
comfortable with OT scenarios. Hence, the hypothesis is justified.
H4- There is a negative correlation between neuroticism traits and liking for 
Online teaching (Accepted).
Teachers that are highly neurotic, unable to accept the OT scenario as they are 
more emotionally unstable or become anxious. Therefore, the results satisfy this 
hypothesis also.
H5- There is a positive correlation between openness traits and liking for Online 
Teaching (Accepted).

Teachers who are open to new experiences, also eager to use OT tools and tech-
nologies. They accept changes positively and therefore, justify their positive relation 
with liking for the OT.

Table 4   Pearson’s correlation 
between personality dimensions 
and liking factor

* shows a strong positive correlation

Traits Ext Agr Conc Neu Open Liking

Ext 1.000 -0.045 0.045 0.352 0.685* -0.056
Agr 1.000 0.478* 0.282 -0.367 0.233
Conc 1.000 0.045 0.156 0.234
Neu 1.000 0.258 -0.123
Open 1.000 0.324*
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5 � Investigating a teacher’s personality from their perspective 
in combination with their emotions for OT

In this approach, teachers were asked to fill out two forms related to their personality 
and emotions towards OT. First, a Big five-factor personality online form was shared 
among the teachers and they report their personality traits using 7 points Likert 

Fig. 2   Self-assessment form filled by the subject
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scale. Along with this, one more emotion-related Self-assessment Manikins (SAM) 
form as shown in Fig. 2 was also filled out by teachers to judge their perception of 
OT.

This form evaluates the emotions of a teacher by compiling Valence, Arousal, 
and Dominance (Subramanian et al., 2018). Valence describes the nature of emotion 
whether it is a positive one or a negative one. Arousal reflects the power of emotion 
which means how intensely a person is feeling that particular emotion (Arya et al., 
2021). The third dimension is dominance which tells about the strength of an emo-
tion. In other words, it explains the degree of control generated by emotion that a 
person is feeling like dominating the emotion (Bălan et al., 2020).

For measuring these dimensions, a 9-point scale was used in which for Valence, 
1 was considered very negative to 9—very positive. Same for Arousal, 1 point is—
very boring to 9 points is very exciting. For dominance, 1 point is- controlling the 
emotion, and 9 points—in control of emotion are described. Along with this, the 
liking factor concerning online teaching was also mentioned where subjects select 
any one option from two- I like it (1) or I don’t like it (0). In the end, for more under-
standing of the feelings, some of the most felt emotions were also reported by the 
subjects shown in the circumplex model of affect.

5.1 � Results

5.1.1 � Emotion analysis

Teachers have reported their emotions towards OT using the SAM form. Emotions 
are measured in three dimensions i.e. valence (Val), arousal (Aro), and dominance 
(Dom). With this, they have told about the liking factor and mentioned some emo-
tions using the Circumplex model of Affect also. To understand the relationship 
between the emotions of teachers and their liking for OT scenarios, Pearson’s cor-
relation method is used to find and their results are shown in Table 5.

This table shows that valence and liking are highly correlated which means teach-
ers with high levels of valence (positive feeling) also like the scenario of OT. On 
the contrary, low levels of valence are more concerned with the disliking of OT. 
Similarly, arousal is having negative correlation with liking. has a significant cor-
relation with dominance. The more aroused (excited) the person is, the more he gets 

Table 5   Pearson’s correlation 
between emotion dimensions

** and * shows a significant correlation

Val Aro Dom Liking

Val 1 -0.105 -0.173 0.635**

Aro 1 0.546* -0.294
Dom 1 -0.089
Liking 1
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controlled by emotions. In contrast, less arousal (calm) subjects have more control 
over their emotions.

5.1.2 � Personality analysis

Teachers have used 7 points Likert scale to assess personality traits. After collecting 
the data from all teachers the mean value is calculated for each personality trait. For 
example, Ext is 4.74, Agr-4.02, Con—3.58, Neu—4.01, and Open-4.33. Figure  3 
shows the distribution of the personality scores dully filled by the teachers by high-
lighting their mean value line in the box plot.

Further, with the help of Spearman’s Rank correlation coefficient, strength 
between five personality dimensions and liking for OT has been measured as shown 
in Table 6. It can be judged from the table that there is a significant, moderate, and 
positive correlation between Agr, Conc, and Open with the liking factor or OT. 
It also shows that the Ext and Neu are negatively correlated with liking. In other 
words, teachers also report that with high levels of extraversion and neuroticism, 
teaching in OT scenarios is not much interesting.

Fig. 3   Box plot showing the 
distribution of five personality 
traits

Table 6   Pearsons’s correlation 
between Big five personality 
traits and liking

*shows a significant correlation

Personality traits Ext Agr Conc Neu Open Liking

Ext 1 0.012 -0.080 0.258 472* -0.080
Agr 1 0.233* 0.150 -0.288 0.233
Conc 1 0.045 0.258 0.352*
Neu 1 0.156 -0.382*
Open 1 0.258*
Liking 1
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5.2 � Findings

Investigating teachers’ personalities from the learners as well as their perspectives 
has given a lot of information about their feelings about OT. The results showed 
what kind of personality of teachers is being liked by the learners in the OT sce-
nario which could make the teaching–learning process more effective. Second, It 
also showed what kind of personality of teachers like Online education scenarios or 
what are their feelings about OT.

However, the analysis done for the personality of a teacher is completely ques-
tionnaire-based. Learners and teachers self-report their feelings which could be 
biased. As people, percept and rate differently for the same as well as different emo-
tions, the self-assessment-based results can be biased. Therefore, to investigate a 
teacher’s personality more accurately, despite the questionnaire, the physiological 
responses like ECG, EMG, and GSR of a teacher were also recorded. As physiologi-
cal parameters are uncontrollable factors and considered a good factor for personal-
ity prediction, so the third approach is proposing a framework to ensure that a teach-
er’s personality could be investigated using physiological responses and that is why 
they play an important part.

6 � A personality prediction framework based on physiological signals 
and emotive responses

As mentioned earlier, along with self-reported data, the physiological parameters 
were also analyzed to judge the personality of a teacher. The whole process of per-
sonality prediction using physiological signals is explained below.

6.1 � Experimental setup

To conduct the study, a total of 10 teachers (Female: 6, Male: 4) were considered as 
subjects same as for questionnaire-based analysis. They were pre-informed regard-
ing the experiment and asked to fill out the consent form that confirm they are ready 
for the experiment. The naming conventions used for all 10 teachers were from 
educ_1 to educ_10. All of them were having normal vision, right-handed with no 
physical or mental ailment. The whole setup was arranged in a room where the sub-
ject had to report 30 min before the lecture. The setup included one laptop (14-inch 
LCD screen, resolution-1920 × 1080), installed zoom software, and some additional 
tools that were required for online teaching. A comfortable sitting and proper day-
light arrangement were done in the room. Along with this, three bio-sensors ECG—
AD8232 ECG monitor, EMG, and GSR- Grove Sensor from Seed Studio circuits 
along with Battery and Aurdino chip were also installed to fetch physiological sig-
nals. They were also instructed to have very few moments during the experiment to 
get noise-free signals.
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6.2 � Subject preparation

After taking consent, the subject has been prepared for the experiment. The three 
biosensors ECG, facial EMG, and GSR were attached to the subjects as per the 
standards as shown in Fig. 4. The GSR Grove sensor includes two finger band elec-
trodes that were fixed to the index and middle finger phalanges of the left hand to 
measure the skin conductance. The second is ECG in which two electrodes were 
positioned on the wrist of both arms, and the reference electrode was there on the 
right leg bone to fetch the cardio activity signals. For recording facial activity sig-
nals, fEMG sensor including two electrodes was placed on the corrugator supercilii 
muscles, and ground on the forehead as per the standards. After applying all the sen-
sors, physiological signals were fetched.

6.3 � Experimental protocol

This section put light on the procedure followed for experimenting. As per the 
instructions, each subject was asked to report for the experiment 20  min before 
their online class. Further, the respective body parts were cleaned with the gel, and 
fEMG, ECG, and GSR were applied to them. After this, before starting the session, 
a mock experiment was just conducted for 2 min to ensure that all the equipment 
was working properly or not. Then, the session started and parallelly physiological 
signals were fetched for 20 min duration. Only theory lectures were considered for 
the experiment as practical sessions need a lot of hand movements like typing code, 
drawing figures, etc. which leads to the generation of super noisy signals.

This experiment has been conducted on each teacher in continuation for 5 days 
taking the same class. During each session, physiological signals were captured 
and after that, the subject has to fill out the emotion questionnaire again in terms of 
valence and arousal also. For the experiment, the subject has to fill out the emotion 

Fig. 4   Subject taking an online class by wearing three sensors: ECG (wrist), GSR (fingers), and fEMG 
(eyebrows)
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questionnaire on the daily basis after the lecture. However, the personality question-
naire is asked to fill only once as it describes the long-term personality traits.

At last, the total recordings which were acquired after the whole experiment for 
each physiological signal were 50 (no. of subjects (10) * no. of days (5)). In total, 
150 recordings of ECG, fEMG, and GSR were attained. Out of these, some of the 
recordings were not considered for the final analysis due to hardware failure or 
unnecessary artifacts present in the signals because of body movements. In Table 7, 
the ‘tick’ symbol represents the recording that is considered for the final analysis, 
and the ‘x’ symbol denotes the excluded one. For instance, in the case of teach_1, 
the ECG signal on day 4 got failed due to electricity issues/sensor problems. On 
the same day, the recording retrieved from GSR signals was also noisy due to hand 
movements. Therefore, in total 142 recordings were included in the final analysis.

6.3.1 � Data acquisition

Once the experiment has been conducted, the values of ECG, GSR, and fEMG sen-
sors have been recorded. GSR is used to measure the conductivity of the skin that is 
caused by the variation of the human body sweating. By positioning two electrodes 

Fig. 5   Raw GSR signal

Fig. 6   Position displaying the 
electrode placement on the face
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on the second and third finger, GSR in terms of voltage (power) is measured. It can 
be observed that the output voltage is relative to the skin conductance value (Seo 
et al., 2019). The more strained the person is, the more his hands will sweat, so his 
conductance will decrease. Implementing GSR is very easy and pocket-friendly for 
physiological research. It gives information about the intensity or arousal of emo-
tion. In this experiment, during online teaching, skin conductance at the sampling 
rate of 2 Hz is calculated. The raw signal is shown in Fig. 5. After that, to fetch the 
important features this raw signal is processed or filtered with the help of a bandpass 
filter with a passband frequency of 0.5 Hz.

ECG is used to measure the heart activity of an individual. It helps widely in rec-
ognizing the emotions of a person (Bexton et al., 1986). For the current experiment, 
a pre-amplified electrocardiograph sensor connected with Ag/AgCI electrodes was 
used. An ECG signal was acquired at the sampling rate of 250 Hz. It is important 
to remain in a static position during ECG signal fetching. In our case, after giving 
prior instructions, a few teachers were still doing some movements like scrolling 
of mouse and hand motions. These movements created some noise and to remove 
this filtration process has been done. With this, parallelly fEMG is used to measure 
muscle activity that assists in investigating the feeling of an individual through facial 
muscles. For the current work, the corrugator supercilli muscle activity of a teacher 
was recorded during an online session (Murata et al., 2016). As it is shown in Fig. 6, 
two dots near the eyebrows record the muscle activity in terms of voltage, and one 
in the center is the ground is the proper spot for electrode placement. After fetching 
the raw signal at the rate of 2000 Hz, it was filtered and processed further for feature 
extraction.

6.3.2 � Feature Extraction

The second phase following data acquisition is the feature extraction process. The 
features contain meaningful information about the signal. Multiple time and fre-
quency domain features are there that reveal more about the feelings or personality 
of an individual. The features that have been considered for every signal are shown 
in Table  8. For GSR, time domain features- mean, standard deviation, kurtosis, 
skewness, no. of local minima, and frequency domain features like Spectral power, 
Skin Conductance Response (SCR) amplitude, and peak count were calculated. 

Table 8   Time and frequency domain features

Modality Features

GSR mean, kurtosis, standard deviation, skewness, mean frequency, 
no. of local minima, Spectral power, SCR amplitude, and 
SCR peak count

fEMG Mean frequency, median frequency, standard deviation, kurto-
sis, integrated EMG, EMG power spectrum, simple square 
integral, root mean square

ECG Average heart rate, mean, median, standard deviation, kurtosis
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Similarly, for fEMG and ECG, the mentioned features were extracted and put into 
the further step of Classification.

7 � Classification and Results

In this section, the classification process for personality prediction is explained. The 
first finding shows the results of prediction using physiological signals only. The 
second one uses the combination of reported emotions with physiological signals 
put its features into the classifier and perform the personality prediction. Support 
Vector Machine (SVM) is used for classification purposes. Classification results are 
calculated in the form of an F1 score.

7.1 � Finding 1: Personality prediction using physiological signals

For physiological signals-based personality prediction, 5 SVM classification models 
have been designed, and each model is responsible for the prediction of one particu-
lar personality trait. For classification, personality dimensions labels are divided into 
low and high classes by calculating the median value of each trait i.e. Ext-4.5, Agr-
4, Conc-3.7, Neu-3.9, Open-4.4.

Further to assuring the accurate prediction or working of the classification model, 
threefold cross-validation scheme is applied as it enhances the effectiveness of the 
model and assists in producing less biased results. Thus, after applying this valida-
tion in the SVM model, F1-score is obtained for all the personality traits using all 
the physiological signals like GSR, ECG, and facial EMG individually as well as in 
combination which are displayed in Table 9.

From this table, it can be observed that for maximum personality dimensions 
facial EMG and GSR achieved better results. In other words, for Ext, Agr, and Open, 
GSR is the best modality. Similarly, facial EMG also gives a good score for Ext, 
Agr, and Conc as well. For Neu, ECG gives the highest f1 score. Therefore, from the 
table, it could be concluded that ECG is not the best modality among all of them. In 
addition to this, these modalities are combined in pairs to predict the five personality 
dimensions and their F1 score is also displayed. It is also observed from the table 

Table 9   F1- score (for high and low class) over each personality trait based on physiological modality

** represents the highest f1-score for that personality trait corresponding to physiological modality

Signals Ext Agr Conc Neu Open

GSR 0.545 0.810** 0.285 0.207 0.510**
ECG 0.428 0.632 0.470 0.475** 0.400
Facial EMG 0.615** 0.714 0.545** 0.400 0.285
ECG + facial EMG 0.527** 0.684 0.525** 0.369 0.400
ECG + GSR 0.545 0.800 0.461 0.414 0.400
facial EMG + GSR 0.400 0.875* 0.500 0.667** 0.333
GSR + ECG + facial EMG 0.543 0.763 0.541 0.666 0.314
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that in combination, GSR and facial EMG give good results for Agr and Neu per-
sonality traits. Also, ECG and facial EMG work well for Ext, Conc, and Open traits. 
At last, all three modalities are combined which gives average results but could not 
consider the best one.

7.2 � Finding 2: Personality predictions using physiological signals and emotion 
responses

In this sub-section, along with physiological features, self-reported responses of 
emotions in terms of valence (V) and arousal (A) are also added as they also play an 
important part in the prediction of the personality of an individual. Table 10 shows 
the result, in which also five linear SVM models using a threefold cross-validation 
scheme have been designed. The purpose of this classification is to analyze how well 
the self-reported emotions of a subject along with physiological parameters could 
help in predicting their personality.

As can be seen from the results, the combination of self-rating that is reported 
by the teacher along with physiological signals also gives good results in personal-
ity prediction. GSR along with self-reported emotions gives good results for Ext, 
Agr, Neu, and Open traits prediction. But for Con trait, it gets decreased. Thus, after 
analysis, it could be observed that the results provided by the fusion of valence and 
Arousal with physiological signals can be taken into consideration in the future 
which may produce good output.

8 � Conclusion

This work is an attempt to investigate the effect of a teacher’s personality on the likeli-
hood of online teaching from two perspectives. In the first, a learner shares his views 
on teachers’ personalities and how much they like online teaching. Second, teachers 
self-report their personalities and also share their sentiments about online teaching. An 
analysis has been done from both perspectives and some interesting results have been 
acquired from the learner’s perspective. These results reveal what kind of personality 
traits of teachers are more comfortable with the OT. In addition to this, physiological 
signals i.e. ECG, GSR, and fEMG individually as well as an infusion with emotive 
responses (valence and arousal) based personality prediction is also done as it plays 
an important role in effective online teaching. Self-reported personality data may pro-
duce biased results, which is why physiological responses are considered to ensure the 

Table 10   F1-score for 
personality identification using 
signal + self-rating based results

Signal + self-rating Ext Agr Conc Neu Open

GSR + V + A 0.666* 0.842* 0.500 0.736* 0.500*
ECG + V + A 0.533 0.782 0.470 0.600 0.400
Facial EMG + V + A 0.500 0.857* 0.651 0.769* 0.333
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authenticity of the analysis. The results from this analysis suggest that body parameters 
could be used as a meaningful reference by future researchers to make online teaching 
and learning more effective. It also shows that the combined physiological measures 
could also be considered for personality identification and can be applied in the future 
for various domains.

8.1 � Limitations and future directions

The current work gives a new direction to those researchers who are working in the 
education domain, especially in making online teaching and learning scenarios more 
effective. Some limitations were also there which can be considered for improving 
results. The sample size of teachers and students was limited so it could be increased 
for critical analysis of the personality traits. Along with this, other than ECG, GSR 
and fEMG there are some other physiological responses like EEG, Skin tempera-
ture, and Blood volume pressure that could be analyzed for accurate results.

For the physiological signals-based analysis, some time and frequency domain 
features have been extracted, however, some more meaningful features could be 
explored that will help a lot in improving personality recognition results. With this, 
changes can be made to the placement of the ECG sensor from the arm and wrists 
to the trapezius muscles which leads to fewer body movements and give accurate 
results. Some other advanced filtration techniques in combination with various clas-
sification models could be used so that an effective approach could be discovered.
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