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Abstract. Sentiment analysis tasks are used in various domains, includ-
ing education. Likert-scale questionnaires are often used to gain insights
into the respondents’ views in various contexts. However, these ques-
tionnaires can allow for more information than they are designed for.
This research paper explores an emotion classification technique for ex-
tracting emotional information from likert-scale questionnaires. A case
study is presented in which a tailored questionnaire was employed to
gather students’ opinions on school-related matters, such as learning im-
portance, academic performance and family and peer involvement and
support. The students (n = 845) answered the questionnaire using a scale
from totally disagree to totally agree. Through this questionnaire-based
approach, data on students’ emotions was collected.

Keywords: sentiment analysis · emotion classification · natural lan-
guage processing · likert scale questionnaires · education.

1 Introduction

Likert-scale questionnaires are used in a variety of fields, such as marketing,
education, medicine, nutrition, and nursing, but mostly in psychology [1]. It
aims to measure responses to a statement within a scale of agreement from
totally disagree to totally agree.

This research hypothesis is that it is possible to extract additional features
from already existing Likert-Scales questionnaires, which would provide addi-
tional analysis dimensions. For this paper, the objective is to explore that hy-
pothesis within the scope of emotion classification. Thus, given a Likert-scale
questionnaire, the emotion of the respondent is to be assessed.

This paper was developed within the scope of a project aiming to prevent
school failure and dropout. A Likert-scale questionnaire was developed as a sup-
porting tool and applied to 845 students in northern Portugal. It was upon that
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questionnaire that this proposal is relying on, yet generalizable for any Likert-
scale questionnaire with similar features. As a remark, the questionnaire is re-
strained due to copyright. Overall, the understanding that comes from emotion
classification allows for improved interventions and strategies as well as support
systems to address emotional well-being of the students.

Ethical Statement. The questionnaire utilized was designed by a team of ed-
ucational psychologists. Considering that the participants in this study were
underaged, parents were asked to sign an informed consent form. Researchers
were only in charge of data analysis.

2 Related Work

Sentiment analysis, also known as opinion mining, is an area of research in the
field of text mining that extracts and classifies sentiment, emotions, and atti-
tudes expressed in text data [2]. Techniques such as natural language processing
(NLP) and machine learning are used to enable the identification and analysis of
emotions expressed in written or spoken language [3]. This is widely applied in
various fields such as healthcare [4], customer feedback analysis [5], social media
[6], and in education [7].

Emotion classification is an area of natural language processing, which al-
lows the detection of emotions through data retrieved from the target user [8].
Current literature finds a varity of models for emotion classification performed
either by text, audio, image or video [9]. Emotion lexicons are available for use,
either manually annotated (e.g. NRC Emotion Lexicon and LIWC) or gener-
ated automatically using machine learning algorithms (e.g. WordNet Affect and
SentiWordNet). These were not adquate for the context of this project as it
is necessary to have spontaneous and genuine text in order to obtain accurate
results. It is not the case as the aim is to assess the emotions that might be
articulated on the questionnaire respondent given a question written by another
person.

A questionnaire-approach, the AEQ, was developed in 2011 [10] to measure
emotions in students’ learning and performance. The framework used for defin-
ing emotions was the control-value theory of achievement, and different emotions
were studied (enjoyment, hope, pride, relief, anger, anxiety, hopelessness, shame,
and boredom). Overall, the AEQ contains 24 scales that tap these nine emotions
occurring in three different academic achievement settings: class-related emo-
tions, learning-relating emotions and test emotions. Students had to respond
to this questionnaire with a 5 point Likert scale (1 = completely disagree, 5=
completely agree). The AEQ is not adequate for the context of this paper as it
aims to specifically assess student’s emotions, whereas the goal is not to extract
and classify emotions directly, but to investigate the possibility of extracting
emotions as additional feautres from a questionnaire that was not designed for
that purpose.
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3 The Emotion Dimension of Likert-Scale Questionnaires

Likert-scale questionnaires present statements to which the respondent has to
reply to within a scale. This could be a scale of agreement (totally disagree to
totally agree), a satisfaction scale (very dissatisfied to very satisfied), a likelihood
scale (very unlikely to very likely), a good to bad scale (very bad to very good) or
a frequency scale (never to always). This is usually presented in a five point scale,
in which 1 represents the lowest score, 3 represents neutrality and 5 represents
the highest score [11]. Scores 1 and 5 are usually variations of intensities of either
the positive or negative poles.

Through Likert-Scale questionnaires it is possible to measure responses to
a statement, that is, personal opinions and they are often used in correlation
to emotional states. Psychologists have been struggling to find agreement in
regards to a definition of emotion, yet the notion that it is complex is consensual.
Plutchik’s model of emotion is perhaps the most popular model for dimensional
models [12] and is widely used in a varitety of research, including this study.
Plutchik defines emotions as

a multifaceted and inferred response to a stimulus, including subjective
feelings, cognitions, impulses to actions and behaviour [13, p. 551]

Following Plutchik’s definition of emotion as a response to a stimulus, con-
sidering a Likert-scale questionnaire inquiry a stimulus, it is possible to say that,
in addition to responding to a question, the respondent is also articulating an
emotion that is dimmed by the intensity of the response. Therefore, combining
the emotion associated to the question text with the reply to that question, it is
possible to suggest the emotion that the respondent may be articulating.

Consider, for a reference, the Theory of Brain Functions and Behaviour cf.
[14]. In short, it is a 4-point Likert scale questionary for assessing Behavioral
Inhibition System (BIS), which regulates anxiety responses to stimuli associ-
ated with punishment, absence of reward, and novelty, while the Behavioral
Approach System (BAS) governs appetitive motivation and responds to cues in-
dicating rewards, nonpunishment, and escape from punishment. As a self-report
questionnaire it has been used in various contexts, including for the elicitation
of students’ emotional states [15] in university examinations.

Looking at BIS-BAS, the first statement reads “A person’s family is the most
important thing in life”. If the respondent responds with “very true for me”, it
means that the respondent values and cherishes family. Emotionally speaking,
this statement articulates feelings of anxiety, submission, and sentimentality.
However, if the respondent responds with “very false for me”, it does not neces-
sarily mean that the person hates their family. Emotionally speaking, this state-
ment articulates a combination of feelings of outrage, contempt, and morbidness
or derisiveness.

According to Plutchik’s circumplex model, outrage is a combination of sur-
prise and anger, contempt is a combination of disgust and anger and morbidness
or derisiveness are a combination of disgust and joy. This suggests a complex
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combination of contrasting feelings of frustration, energy, distrust, disinterest
and contempt.

Plutchik’s three-dimensional circumplex model illustrates the interconnec-
tions between emotions using a color wheel analogy. It incorporates a vertical
dimension for intensity, a circular dimension for similarity, and eight sectors rep-
resenting primary emotions, with the empty spaces representing dyads, which
are mixtures of two primary emotions [13]. The model’s eight primary emotions
dimensions can be arranged in four pairs of opposites: joy and sadness, fear and
anger, anticipation and surprise, disgust and trust, as shown in figure 1.

Fig. 1: Plutchik’s circumplex model of emotions [13, p.349].

Plutchik states that emotions can combined in the same way that blue and
red make purple, and, for instance, mixing joy and acceptance produces love;
disgust and anger produces hatred or hostility.

It is of extreme importance to assess a whole questionnaire before proceeding
to its emotional classification, to make sure there are no assumptions but evi-
dence of emotion articulation. That is, by observing the presence of specific emo-
tions in several statements of the questionnaire, that emotion can be accurately
extracted, whereas if it is just present in one statement, it could not necessarily
mean that that specific emotion is being articulated by the respondent as he is
just marking an answer on a scale but there is no reason or explanation as to
why that answer was chosen. If a pattern or frequent presence is found, however,
it is plausible to extract and classify that emotion.

This means that emotion classification is performed by classifying each state-
ment on the questionnaire, with a score being assigned to each emotion present
on that statement. For this paper, a lexical approach cf. [16] was used, for an
instance refer to table 1a. Thus, when the respondent reads the statement, it
receives a stimulus, meaning that an emotion is being articulated. However, it
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is also necessary to consider the answer in order to verify its suitability. Each
emotion articulated in table 1a is then multiplied by the response weight pre-
sented in table 1b and added to the respondent score. Since each emotion has
its inverse, therefore, if the respondent chose “fully disagree” for the statement
in table 1a does not mean, for an instance, anxiety = -0.4 but hate = 0.4.

Table 1: Demonstration of the proposed approach.
statement anxiety sentiment. submission
A person’s family is the most important thing in life 0.4 0.6 0.7

(a) Example of dataset for emotion classification proposed in this study.

response fully agree partially agree not sure partially disagree fully disagree
emotion weight 1.0 0.5 0.0 -0.5 -1.0

(b) Demonstration of emotion classification calculation.

4 Emotion Extraction on a Drop-out Risk Assessement
Instrument

The proposed approach was applied to a Likert-scale questionnaire of about 50
statements which was developed by a team of educational psychologists and was
administered to a total of 845 students, aged between 10 and 17 years old from
northern Portugal. The purpose of the questionnaire was to evaluate multiple
aspects including personal motivation, engagement in school, task management,
perseverance, beliefs and attitudes towards the educational environment, active
participation, family support, interpersonal relationships, and students’ percep-
tions of teachers and the school environment. Participants were requested to
indicate their level of agreement or disagreement to each statement, in which
the responses available are “totally disagree”, “disagree”, “I am not sure”, “agree”,
and “totally agree”.

Examples of statements include “It is important to me to learn as much as
I can”, “I forget important deadlines” and “My family/parents are there when I
need them” and, therefore, each section of the questionnaire articulates specific
emotions within the respondent.

The first step was to identify emotions that were of interest in the question-
naire. Then, researchers and psychologists engaged in discussions to identify the
emotions that would make sense in the context of the project, as according to
current emotion detection practices [17].

Psychologists reinforced the importance of studying emotions that usually
occur in an educational context and that are comprised in different spectrums
of Plutchik’s circumplex model.
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Thus, the following emotions were analyzed within the study’s specific con-
text: happiness (also known as joy), trust, optimism, interest, boredom, anxiety,
distraction and shame. Within Plutchnik’s Wheel of Emotions, joy and trust
are recognized as two of the foundational primary emotions. Additionally, both
optimism and interest are accounted for within the wheel. Optimism is char-
acterized as a combination of anticipation and joy, while interest represents a
lower intensity form of anticipation and vigilance. Anxiety, on the other hand,
emerges from a combination of anticipation and fear, shame is rooted in a fusion
of fear and disgust, boredom is a lower intensity of loathing and disgust, and
distraction is a lower intensity of amazement and surprise, as well as a direct
opposite of interest.

Each section contained emotional inferences for all emotions, but different
emotions were more prevailing in different sections. The predominant emotions
in the importance of learning and academic performance section are anxiety,
interest and shame, in task management, preserverance and self-regulation are
distraction and boredom, in beliefs and attitudes related to the educational en-
vironment is optimism, in attitudes and behaviours related to active participa-
tion and engagement in school is interest, in family support and involvement
in school-related matters are happiness and anxiety, in friendship and peers re-
lationships within the school context are happiness, trust and interest and in
perceptions of students regarding their teachers and the overall school environ-
ment is trust.

A dataset was created that contains all the statements in the questionnaire,
as well as a column for each of the chosen emotions. For each statement in
the questionnaire a score was assigned to each emotion bearing in mind which
emotions are articulated to the respondent when agreeing with the statement.
This annotation was based on the intensity, typical sensations, similar words and
utility of that specific emotion present in Plutchnik’s Wheel. Assuming that the
student fully agreed with that statement, a specific emotion or combination of
emotions would take place, that is, a certain emotional inference would be pro-
duced. Subsequently, the scores for each emotion based on the student’s response
was calculated as proposed.

As illustration, an excerpt of the questionnaire classification can be seen in
table 2. Once the questionnaire was filled out, a normalized value between -1 to
1 for each emotion, per student, is calculated as illustrated in table 3.

Table 2: Emotion Classification for the Questionnaire.
question happiness trust optimism interest boredom anxiety distraction shame
Q1_1 0.3 0.2 0.5 0.8 0 0.05 0 0
Q1_2 0.2 0.2 0.5 0.8 0.1 0.05 0 0.05
Q1_3 0.2 0.1 0.3 0.4 0 0.3 0.05 0.1
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Table 3: Emotion Classification results.
student happiness trust optimism interest boredom anxiety distraction shame

1 0,70 0,70 0,66 0,66 0,5 0,55 0,47 0,56
2 0,76 0,80 0,76 0,75 0,83 0,75 0,84 0,80
3 0,54 0,50 0,51 0,45 0,47 0,66 0,45 0,66

The emotion classification model developed in the context of this study al-
lowed for the gathering of students emotional scores on happiness, trust, opti-
mism, interest, boredom, distraction, anxiety and shame, which were then com-
bined into a dataset containing other important features for analysis such as
school year and gender, for example.

The dataset utilized for this study contained a total of 845 students, from
which 415 are female and the remaining 430 male. In terms of the school year,
distribution is as follows: 212 from grade 5, 210 from grade 6, 138 from grade 7,
155 from grade 8 and 130 from grade 9, therefore showing an equitable gender
and school year distribution.

After careful analysis of the results obtained, it was found that the emotional
state that was most present among the eight classified was anxiety, followed by
shame, boredom, distraction, interest, happiness, trust and optimism, at last.
The mean value for anxiety is 0.59 while for optimism is 0.48. All mean values
can be seen distribution can be visualized in the table 4.

Table 4: Mean Values for all Emotions.
Anxiety Shame Boredom Distraction Interest Happiness Trust Optimism

0.59 0.57 0.53 0.53 0.50 0.50 0.49 0.48

While anxiety was the emotion that contained the highest mean value, it is
worth mentioning that the highest scores were found in grade 5 students. Keeping
in mind that this questionnaire was administered in the beginning of the school
year, this can be explained due to the fact that students move to a new school
at grade 5. Anxiety is the combination of anticipation and fear, meaning that it
is characterized by feelings of being alert, stressed and scared. This transition,
which often includes students integrating a new class with new teachers and staff
members at a different school can take a toll on students’ anxiety scores. It is also
worth mentioning that overall anxiety results were higher for male students. In
fact, male students obtained a higher score of happiness, trust, boredom, anxiety,
distraction and shame, whereas female students achieved higher levels of interest
and optimism. It was also observed that male students report higher scores of
anxiety in grades 5, 7 and 8, whereas female students report higher anxiety
scores at grade 6 and 9. However, the difference of scores in grade 6 is almost
non-existential.



8 R. Magalhães et al.

Grade 5 students obtained higher values of all emotions in comparison to
other school years. Overall, happiness, trust, optimism, and interest show a grad-
ual decline as students progress from 5th grade to 9th grade. This could suggest
a potential decrease in emotional well-being during the school years.

The transition from 6th grade to 7th grade appears to show the first signs
of a notable impact on emotional experiences. Happiness, trust, and optimism
experience a sharp decline, while boredom and distraction increase. This transi-
tion period may pose challenges for students’ emotional well-being as it is a time
of more responsibility and workload. In Portugal, students’ transition to the 7th
grade is known for being challenging as students start having more subjects than
they did in the 5th and 6th grade.

However, lowest results occur at grade 8, especifically for happiness, interest,
trust and optimism. There is a slight increase of these emotions from grade 8 to
grade 9. Although reaching their lowest score also at grade 8, shame and anxiety
scores overall remain more consistent throughout all school years in comparison
to other emotions. Positive emotions register a significant decrease at grade
8, while anxiety, shame, boredom and distraction remain more consistent. This
could indicate that grade 8 is an emotionally demanding year for students. While
female students also report a small decrease in positive emotion scores at grade
8, this steady decrease is more remarkably noticed in male students.

Figure 2 shows the distribuiton of emotion scores per school year.

Fig. 2: Emotion Mean Distribution Per School Year.

Out of the eight emotions, shame is the one that remains more constant
in different school years. With a slighty bigger mean value for male students,
shame seems to remain consistent in the 5th and 6th grade, decreasing slightly
in the 8th grade and experiencing a small increase by the 9th grade. Shame
is a combined emotion, meaning that it occurs with a combination of fear and
disgust. Typical sensations of shame include feeling bitter, and stressed. Male
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students report higher scores of shame at every school year, except for the 9th
grade.

5 Discussion and Future Work

The proposed metholody shows that additional features can be extracted from
likert-scale questionnaires. The case study presented shows that this questionaire-
based emotion classification approach enabled an exploratory analysis of stu-
dents’ emotional states, taking place at the beginning of the school year, which
contributes to the body of knowledge in sentiment analysis and emotion classi-
fication.

It was found that anxiety scores were the highest. This result was not ex-
pected. In contrast, optimism scores were found to be the lowest. Distraction and
boredom are higher at grade 7 than 6, whereas interest, happiness, trust and op-
timism are found to be the opposite, perhaps due to the fact that students’
workload is much higher in grade 7 and students usually have new teachers at
this time. The lowest scores for all positive emotions were found at grade 8, which
was expected due to the reputation that grade 8 holds for being a demanding
year in Portugal.

An unexpected finding is that average anxiety results were slightly higher
for male students. Previous studies report that female students usually achieve
higher anxiety scores than male students [10] [18]. Though only a small differ-
ence was found, this result can be paired with shame, for which male students
also reported a slightly higher result than female students. However, answers to
the questionnaire indicate that overall male students are more worried about
improving their scores, showing others that they are good with school work and
overall maintaing a good image among their peers, therefore explaining higher
anxiety scores and validating the results obtained from the proposed emotion
classification approach.

This research highlights the importance of developing and refining emotion
detection techniques specifically tailored to specific domains and languages. As
sentiment analysis continues to expand beyond English [2], it is crucial to invest
in the development of accurate and extended emotion lexicons in other lan-
guages, as the majority of current lexicons are mostly available for the English
language and are found to be incomplete, incorrectly translated, or simply con-
taining transliterations of the original English terms, as is the case of the NRC
Emotion Lexicon (also known as EmoLex). This presents a challenge for senti-
ment analysis in languages other than English. This research does not encounter
that limitation as individual classification should be made for each statement in
the questionnaire, performed in the questionnaire’s language.

Multiple studies indicate that support and guidance from both teachers and
parents are crucial factors in fostering student motivation and interest in school
[19]. Taking this into account, the questionnaire used in this study pinpoints
all the important factors in terms of academic success, ranging from the stu-
dents’ own views on their educational goals to their peers and family support,
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therefore creating an non-intrusive, undemanding, and reliable form of gaining
insights into students’ emotional states. Sentiment analysis and more specifically
emotion detection can be used as a monitoring as well as predictive tool, creating
advantages for the educational system at a low cost [20]. A future work hypothe-
ses would be to have students repeat the whole questionnaire at the beginning
and end of the school year to compare results and therefore making it possible
to monitor students’ emotional state throughout the school year.

This is just an example of the utlization of the proposed approach. When
applied to questionnaires of different fields of study, this metholody can have the
same impact, allowing for specific interventions in different domains.

6 Conclusion

The methodology proposed by this research shows that by classifying a likert-
scale questionnaire for the purpose of emotion classification will result in a fine-
tuned model that can be applied to any questionnaire of any field of study.

A case study was presented in which this approach was applied to a tai-
lored likert-scale questionnaire administered to a sample of 845 K-12 students
at the beginning of the school year. This questionnaire, designed by a team
of educational psychologists, presents statements in relation to the importance
of learning and academic performance within the school context and students
had to answer within a scale of agreement and disagreement. It was possible to
extract insights of aspects of students’ experiences within the educational envi-
ronment, and emotional levels for happiness, trust, optimism, interest, anxiety,
distraction, boredom and shame.

In conclusion, this study showcases a new emotion classification model, im-
plemented through likert-scale questionnaires. In an educational context it can
aid in detecting students’ emotional levels and allowed for a timely intervention
or prevention of school failure. Though, this method can be applied to ques-
tionnaires of different areas of study, allowing for tailored interventions wihtin
different contexts.
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