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Abstract—One of the most important issues concerning
education nowadays is that of mapping the quality of teaching,
and teacher competencies. Simultaneously, the need to exploit
the huge amount of data derived from student feedback, and in
particular the comments on open-ended questions, constitutes a
huge challenge for both universities and researchers. In this
study, we use sentiment analysis methods to measure teachers’
communication competencies. Utilizing the data of over 700
feedback comments from students of our university, we assessed
specific competencies through the sentiment intensity that these
comments contained. The model designed for the sentiment
analysis, as well as the entire experimental phase, were
implemented using an open source data mining and
visualization platform. Our research revealed that certain
competencies are highlighted by the nature of the course while
others do not depend on it. In addition, findings indicate both a
homogeneous and convergent view among students, thus
strengthening the validity of the students’ opinion and their
valuable contribution to the mapping of teaching quality in
general with the ultimate goal of enhancing education.

Keywords—teacher  competencies, student feedback,

sentiment analysis, teacher effectiveness

I.  INTRODUCTION

Nowadays, with the rapid spread of data and its huge
availability arising from various educational processes, the
majority of universities frequently use data mining methods
to examine data collected and to extract hidden knowledge
from student feedback with the aim of improving teaching
quality [1-5]. However, the data sets are too large or complex
to deal with using traditional data application software.
Therefore, institutions are confronted with the challenge of
how to tap into this vast amount of data with the ultimate goal
of enhancing student learning. These data generally consist of
student perspectives regarding various aspects such as their
attainment of a course’s learning objectives, the effectiveness
of instructional methods, the competence of the instructor, the
content of the course, and even the students’ overall views on
their academic institutions. When taken into account, this
data helps academic institutes in their curriculum design and
in the management decisions of their organizations. It also
gives the respective teacher the opportunity to understand
their teaching approaches, strengths and weaknesses. In this
way, teachers are better equipped to make appropriate
changes thus contributing to the overall effectiveness of their
teaching and student learning.

The traditional techniques for student feedback analyses
are based on close-ended questionnaire data collection and
analysis [6, 7]. These forms, based on Likert-scale items of
various types, provide quantitative data. However, the
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majority of academic institutions, such as our university,
additionally offer students the ability to express their
feedback opinions through text field (open-ended
questionnaires). According to previous research, this
institutional educational text data is commonly collected but
not fully exploited and remains untapped, thus depriving the
acquisition of knowledge that would contribute to the
improvement of teaching and learning [8]. This is because
unlike Likert-scale based data, which is quickly and easily
analyzed using simple statistical methods, open-ended
comments require special treatment and analysis.

This paper aims to investigate and highlight how text
educational data from student feedback could provide
valuable insight to academic institutions. In this study we will
attempt to exploit the data gathered from over 700 student
comments retrieved from open-ended questions regarding
their teacher’s specific competencies as a continuation of our
previous research. This data will be analyzed and studied as
to how it could contribute to the assessment of teacher
communication competencies through opinion mining
methods and Sentiment Analysis. We will also investigate
whether students perceive their professors’ competencies
differently depending on the nature of the course.
Accordingly, the research questions that guided this study
were:

e RQ1: How can written text educational data generated
from student feedback be used to measure specific
teacher competencies through the Sentiment Analysis
approach?

e RQ2: Does a student’s perception of a teacher’s specific
competencies vary depending on the nature of the
course?

This paper is structured as follows. After the introduction
made in Section I, a brief overview of related work follows in
Section I1. Next, we describe the methodology and present a
case study with real data provided by our university (Section
I11). Section IV is devoted to a discussion on our results.
Lastly, Section V provides concluding remarks.

Il. RELATED WORK

A. The Value of Student Feedback in Teaching Progress

Academic institutions have always aimed to collect and
take their students’ views into account, in an effort to improve
their teaching and curriculums [9, 10]. Flodén [11], with
thorough research, focuses on student feedback and its
positive acceptance from university teachers, emphasizing
that both positive and negative student feedback are equally
valuable to their teachers. Mandouit [12] concluded that when
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provided with professional learning to support the process,
student feedback has the potential to have a positive impact
on teaching practices and contributes to opening up a
dialogue about teaching and learning.

Another pioneering study dealing with an alternative
approach to student feedback on courses is that conducted by
Marley [13] which claims that the positive and negative
experiences of online learners are extremely useful for
educators involved in the design and development of online
teaching. According to Nasim [14], in their feedback,
students’ views touch on multiple aspects of their teachers
such as teaching style, lecture organization, knowledge,
punctuality, communication competence and are valuable in
the learning process.

Other research [15, 16] has found that, student feedback
contributes to various aspects of academic institutions by
exporting information and knowledge to facilitate decision
making in their organization. Marsh [15] claims that student
opinion mining, beyond serving as diagnostic feedback for
academics about the effectiveness of their teaching, provides
a measure of teaching effectiveness for decisions regarding
their appointment and promotion and a valuable component
for use in the quality assurance processes of academic
institutions.

Student feedback is collected in different forms, such as
close-ended questions usually in Likert scales, open-ended
questions and free text comments. Different mediums are also
used, such as, classroom feedback, social media, online
platforms, etc., by students to express their perceptions of
issues about their instructors and institutions [17]. This whole
array of educational data has led to more demanding data
management systems and complex analytical approaches
resulting in the emergence of a specialized research field
known as Educational Data Mining (EDM) [18].

B. Sentiment Analysis in Education

Sentiment analysis, also known as opinion mining, is a
field of study, directly related to natural language processing
that analyzes views, sentiments, evaluations, attitudes and
positions of people on issues through the computational
processing of subjectivity in text [19]. Sentiment analysis
aims at taking the sentiment of a simple word, phrase,
sentence or even an entire document into consideration and
rating it appropriately. Essentially, using appropriate lexicons
or machine learning approaches [20], opinion polarity is
determined, as to whether it is positive, negative or
neutral [21].

The initial challenges encountered in the practical
application of sentiment analysis and opinion mining
stemmed from the huge pace and volume of comment content
observed on social media on the web. Since then, Sentiment
Analysis (SA) has penetrated and found application in a wide
range of fields, focusing on customer opinions about products
and services through their written comments. As a result, with
the growing familiarity of users with the Internet and online
review writing, SA has established itself as a very powerful
method of deciphering customer desires in various marketing
companies, in the movie industry, in policy-making, in public
transportation, in the travel industry, as well as in academic
institutions. For the first time in history, we now have a huge
volume of opinionated data recorded in digital form for
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analysis [19]. As a result, Sentiment analysis, considered as a
big data task, is constantly arousing the interest of researchers.

Traditionally, in academic institutes, student feedback
analysis systems, as a rule, were based on close-ended
questionnaires that included a set of questions with
predefined possible answers [16]. With Sentiment Analysis
techniques, students have no limitation to grade only those
features that are included in the questionnaire, but instead
opinions are freely expressed. According to Nasim [14],
textual feedback is the best way for students to express their
views spontaneously, without being limited through
predetermined answers. Despite its potentially huge size, this
quality educational data coming from a collection of texts can
now be easily analyzed with the help of computer systems
using Sentiment Analysis techniques [22].

Kumar and Jain [16] proposed an automatic evaluation
system based on sentiment analysis collecting student
feedback in the form of text. Misuraca et al. [3] used a dataset
of text, built by Welch and Mihalcea [23], with 1042
comments extracted from a Facebook group where students
expressed their opinions on courses and instructors pertaining
to the Computer Science department at the University of
Michigan (US). They observed that, concerning the polarity
score calculation, it is worth adjusting lexicons to the specific
language commonly used by students, particularly because
the polarization of some terms may be different from the
polarization used in common language. Nitin et al. [24]
observed that students provide feedback that is usually related
to labs, projects, skills, etc. when it comes to components of
a course which are non-theoretical (interactive, practical,
collaborative) in nature. On the contrary, when it comes to
theoretical components, student feedback is concerned
directly with the profile of their teachers.

Although there is research that has shown that the neutral
comments, in sentiment analysis, are not of particular
research interest [25], even student feedback categorized as
neutral can contribute positively in terms of understanding
educational issues. Ortigosa et al. [26], especially in the
education domain, point out the necessity, even of the
students’ neutral feedback, in order to comprehend their
attitudes.

It is not our intention to review the entire body of literature
concerning sentiment analysis from a technical point of view.
Nevertheless, we will attempt to provide a brief, and in our
opinion necessary, overview in the following section.

C. Technical Background

Most sentiment analysis approaches rely heavily on lists of
lexical features (e.g., words, phrases), called sentiment
lexicons, generally labeled according to their semantic
orientation as either positive, negative or neutral [19]. These
lexicons are classified into two main categories: (1) Polarity-
based Lexicons and (2) Valence-based Lexicons.

In the first case, a Polarity-based Lexicon is used to
determine the binary polarity of words i.e., either positive or
negative. For example, “angry” has negative polarity while
“family” positive. To calculate the total polarity of a text, the
polarity of each word is searched in the lexicon and if found,
is added to obtain an overall score. These lexicons, such as
LIWC, Hu and Liu, etc., are widely known and validated.

However, the sentiment analysis in practice has become
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more demanding, applying more complex procedures in order
to express, not only whether a linguistic term is positive or
negative, but also its polarity’s intensity. These valence-based
lexicons, such as Valence Aware Dictionary for sEntiment
Reasoning (VADER), Affective Norms for English Words
(ANEW), SentiWordNet etc., use word lists with a valence
score. For example, using the VADER lexicon measuring
sentiment-intensity on a scale from —4 to +4, the term “okay”
scores +0.9, “great” scores 3.1, “horrible” =2.5, “:(” or “®”
scores —2.2 and so on. Beyond the sentiment word intensity
provided, there are sentiment lexicons, such as VADER,
which identify properties and specific characteristics of the
text, especially in short comments, which affect the perceived
sentiment intensity of the text. For example, the exclamation
mark, adds more orientation intensity. “Excellent!” is
stronger than “Excellent”. In addition, it understands many
sentiment-laden emoticons such as «:)”, “D” and sentiment-
laden initialisms and acronyms such as “lol”. It is worth
noting that many lexicons of the 2 aforementioned categories,
Polarity-based Lexicons and Valence-based Lexicons, were
created based on or combining earlier lexicons.

In other cases, machine-learning approaches are
incorporated to achieve automated sentiment-related tracing
processes in the text, considering the knowledge base
obtained. Kang et al. [27] proposed an improved Na've Bayes
algorithm to solve problems related to classification
performance. Chen and Tseng [28] used the Support VVector
Machine (SVM), a machine learning algorithm to classify
reviews. Al Amrani et al. [29], proposed a hybrid approach
by making a combination of machine learning techniques,
using Random Forest and SVM algorithms, when applying
sentiment analysis to comments from product reviews offered
by Amazon. In another powerful study, Kabir et al. [30] used
different machine learning algorithms and concluded that
Boosting and Maximum Entropy outperform the other
examined machine learning algorithms for detecting
sentiments in online user reviews. However, it should be
noted that, most machine-learning approaches have
drawbacks that are mainly related to the requirement of
training data set. This data set must be extensive and
representative. In addition, significant training and
classification [21] time is required and therefore computing
power (CPU processing) and high memory.

In each case, sentiment analysis can be conducted using
different techniques with some alterations. In this paper,
aiming at presenting a well-defined approach, we describe it
step-by-step and next apply it on student feedback comments
of our university, with no intention to challenge any other
similar or alternative approach. Rather, we aim to highlight
the diversity of approaches and to encourage the exchange of
views for the purpose of exploring the specific subject.

I1l. METHODOLOGY AND SENTIMENT ANALYSIS APPROACH

A. Methodology

In this section, we provide the method that we applied for
the sentiment analysis procedure based on the lexicon
approach. The initial stage (Stage 1) concerns the data set
imported to the input channel. This data set contains the
student responses in text. The data collection process is
referred to and thoroughly described in the “Implementation”
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subsection of our approach. The data can be imported in
various file formats such as Excel (.xIsx), comma-separated
(.csv) and native tab-delimited (.tab) files and others,
depending on the system used. Then, in Stage 2, the text
preprocessing process takes place, during which some natural
language issues such as Transformation, Tokenization,
Stopwords  filtering, Normalization (stemming and
lemmatization) etc. should be considered. The process of text
preprocessing consists of a sequence of steps and its objective
is to prepare the raw text data for the next phase, thus
acquiring a clean and consistent form that can then be fed into
a model for further analysis. In general, text preprocessing is
an integral part of Natural Language Processing (NLP)
applications. Fig. 1 illustrates the order of distinct steps
followed in our approach during the text preprocessing phase.
Additionally, Table 1 summarizes thoroughly all of the text
data challenges handled in these steps.

Corpus of raw data of
comments/student
responses

v

Transformation

v

Tokenization

v

Normalization

v

Stopwords
filtering

v

N-grams
construction

v

Processed text
data for use

=7

Fig. 1. Text preprocessing phase (Stage 2).

In Stage 3, the sentiment intensity for each segment of the
data processed in the previous stage is detected. To do this, a
prepared sentiment lexicon was used containing words and
corresponding sentiment scores for each word. This
assignment of polarity is quite important, as the purpose is to
calculate the overall score of a student comment on a
particular topic, although in the individual words, aspects, etc.
different grades may be assigned. For instance, a comment
consisting of 7 tokens may have a positive average grade,
even though 5 of the tokens have negative scores and only the
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other two have a positive one.

Table 1. Text data challenges

Process Description
Removes urls from text. Detects and retains only the text
between html tags. For example, from <a
Transformation href=“https://www...... /"> valuable text </a> retains the
“valuable text”. If necessary, applies lowercase

transformation.

Tokenization is the method of splitting text into smaller
components, called tokens or units. These units may be
words, bigrams, sentences and even paragraphs. In
addition to breaking up a sequence of strings into pieces,
a characteristic task in the process of tokenization is the
discarding of certain characters such as punctuation.

Tokenization

This method is used to find out the stem or lemma of a
word. Words are stemmed using different stemming
algorithms such as, Porter stemmer [31], Snowball
stemmer [32] etc. For instance, the word “flying” is
stemmed as “fly” by removing the “ing” suffix. It is very
important to remove the endings of the words, to return
the root word so that it is given the intensity of polarity
based on the dictionary used.

Normalization
(stemming and
lemmatization)

At this stage, stopwords from texts are removed, i.e.,
pronouns, articles, that carry very little useful information
such as “he”, “it”, “the”, “and”, etc., without changing the
semantics of a text. These words occur commonly across
all the texts in the corpus and need to be dissociated in
order to retain only the meaningful words and improve
the performance of our model. Furthermore, at this stage
we can remove words that make no contribution when
analyzed, such as verbs or prepositions with high
frequency of occurrence and of negligible interest (be,
with, etc.).

Stopwords
filtering

The N-gram consists of successive tokens, with
determined window (N tokens), that occur in texts. N-
grams of texts are extensively useful in text mining and
natural language processing tasks [33]. For instance,
“Difficult lesson” is a 2-gram and “Difficult lesson in lab”
is a 4-gram with different meaning. It is quite interesting
to determine one or the other case and to find out the
frequency of their occurrence and polarity in a plethora of
student feedback. Fig. 2 illustrates an example of a 1-
gram and a 2-gram collection of tokens in the same
corpus.

N-grams
construction

In the final stage (Stage 4), all the sentiment analysis
insights are converted into relevant reports. Reports enable
interactivity through different forms such as charts, graphs,
etc. At this stage of the sentiment analysis steps, visualization
is a very important segment for the overall monitoring of the
results and the receiving of actionable insights. To enable the
decision of the right course of action, it is crucial to know
which aspects got high a score, which ones got low scores and
generally, to have an idea as to which areas need our attention
more than others.

B. Implementation

At the end of each semester at our university, students are
asked to answer a questionnaire about each course and its
instructor, anonymously online. For this purpose, the Quality
Assurance Unit of the University of Thessaly, which is the
central body for the coordination and support of the quality
assurance procedures, sends a relevant link to the students’
email. The questionnaire is harmonized with the requirements
of the National Higher Education Assessment Authority of
Greece and contains close and open-ended questions. The
data from student responses are gathered online and are
available to authorized administrators. However, as a
continuation of our previous research [34] and independently
of the aforementioned process, we aimed to measure the
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teacher competencies referring to the dimension of
“Communication” (Table 2).

Table 2. Teacher competencies that refer to the “Communication”
dimension with the corresponding open-ended questions asked to students

com-reetzgggrto e  Open-ended questionaskedto  Question
p students. coding
measured

Note general comments about your
professor regarding their competence
in actively listening (i.e., making a
conscious effort to hear not only the
words said but, more importantly, the
complete message being
communicated).

Note general comments about your
professor regarding their powers of
persuasion used to inspire students and
enhance / boost their interest in the
subject.

Note general comments about your
professor: regarding the empathy they
feel for their students. (Empathy as a
basic  dimension in  emotional
intelligence, is the ability to put oneself
in another person’s shoes and
understand what they are feeling).
Note general comments about your
professor regarding their presentation
abilities (i.e., do they deliver their
presentation in a clear and concise
manner?).

Note general comments about your
professor regarding their collaboration
with  students (i.e., are they
cooperative, do they detect an
unwillingness to cooperate and prevent
it, do they take into consideration the
smooth functioning of the course?).

C22: Listening Q1

C23: Persuasion Q2

C24: Empathy Q3

C25: Presentation Q4

C26: Collaboration Q5

For this reason, we additionally developed a specific
questionnaire, oriented to our purpose which was provided
online to students of our university through a Google Forms
link sent to their emails. Students were asked to provide text
responses anonymously to open-ended questions about
Listening, Persuasion, Empathy, Presentation and
Collaboration demonstrated by their teacher. Our purpose
was to gather all text responses in one excel format file which
would be the input file to our model. For the needs of our
research, we initially focused on a course taught by two
different professors in order to determine any differences in
the nature of the teachers and not of the course. Subsequently,
we repeated the same procedure with the same teacher in two
different courses, to examine this time whether possible
differences were due to the nature of the course and not of the
teacher.

It is worth noting that, from a technical point of view, the
platform allows us to choose the preferred language for data
entry and processing. For our purposes, we judged that we
should rely on the VADER lexicon which is fully open-
sourced under the MIT License, in the English language, fully
validated and widely accepted across multiple distinct
domains including the field of education [35, 36].
Furthermore, the VADER sentiment lexicon has been
compared to many other well-established sentiment analysis
lexicons such as Linguistic Inquiry Word Count (LIWC),
General Inquirer (Gl), Affective Norms for English Words
(ANEW), SentiWordNet (SWN), SenticNet (SCN), WordNet
and the Hu-L.iu, and the results were indeed quite remarkable.
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The comparison results revealed that the VADER lexicon
performs at a similar level to that of individual human raters.
The classification accuracy metric “Precision” varied
between 0.69 and 0.99 across various domain contexts [21].

At the same time, it was essential that the students express
themselves in their mother tongue, Greek, in order for their
responses to convey meaning and sentiment as accurately as
possible [37]. Therefore, to achieve maximum accuracy and
efficiency, all the comments were initially collected in the
Greek language and subsequently translated into English by
accredited translators and interpreters of Greek and English.

In this way, we ensured the highest degree of accuracy both
from the students” feedback in their mother tongue, as well as
by utilizing the VADER English dictionary which provided
us with the validity needed for the purposes of our research.
We then entered the final data into our system.
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The entire experimental phase was implemented using the
Orange data mining and visualization platform [38]. Orange
is a powerful data mining visual programming tool for
explorative qualitative data analysis and interactive data
visualization. Our model takes the sequences of a sentence as
input and gives the intensity of the sentiment polarity of the
sentence as output. In Fig. 2, the workflow depicts the model
designed according to our approach. After importing the raw
data from the student feedback into the system, attributes
definition of data takes place. That is, we assign, which data
will be the target for analysis and which will not. In our case,
the questions and their answers content are considered for
analysis. Then, we processed the “raw” data in order to clean
it up and to eliminate the noise, i.e., words that carry very
little useful information such as “a”, “and”, “is”, “the”, etc.

"Word Cloud" after

preprocessing
Selected Data —
a 1 Corpus
B T @
Clustering Clusters exploration
‘%
L %
2
S
Sentiment Analysis |
using the VADER | § 2 -
lexicon 5 o C‘%’ 8
;3 ® Data Table g
o 8 =
E Q
§ :
g N 220

o

Sentiment scores for
each student
comment.

Scatter Plot

Fig. 2. Workflow of model designed for sentiment analysis.

Then, we utilized the VADER lexicon, which covers
multiple domains and special cases for sentiment analysis that
include the proper handling of sentences with typical
negations (e.g., “not good”), the use of contractions as
negations (e.g., “wasn’t very good”), conventional use of
punctuation to signal increased sentiment intensity (e.g.,
“Good!!"), conventional use of capital letters to signal
emphasis (e.g. “NICE”) and other special cases such as those
mentioned in the previous section (Section II). Subsequently,
we computed and reported the sentiment score as positive,
negative or neutral to reach the compound score of each
student comment received. The compound score of a specific
sentence is determined by summing up the sentiment scores
of each individual word within the sentence [39]. This
calculation is achieved by applying the following formula:

X

Vvx2+a

where, compound score: the sentiment score received of a
specific sentence

compound score

X: the sum of individual sentiment scores for each word in the
specific sentence (as described in detail in Section 1)
a: the normalization factor that typically has the value of 15
It is worth noting that in instances where VADER
encounters a word, it identifies the sentiment polarity of a
word by comparing it with the words contained in its lexicon
and have predefined positive, negative or neutral sentiment
intensity.  Simultaneously, as previously highlighted,
VADER considers a range of linguistic and grammatical cues
to enhance the precision of sentiment analysis, particularly
when handling words that are not explicitly covered in the
lexicon. The sentiment score resulting, indicates the overall
intensity of sentiment in the sentence and falls within the
range of —1 to +1. Fig. 3 shows a representative sample of
student responses. The first column refers to the question
asked to students, the second column refers to the feedback
we received, and then the next three columns refer to the
positive, negative, and neutral scores each response received.
Finally, the last column “compound” expresses the
corresponding score (sentiment intensity) of each student
response based on the aforementioned formula.
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Question Students Comment pos neg neu compound

i OO s e SO

Q4 He is to the point and ... 0.176 0.059 0.765 0.5964
Q1 | believe he presents th... 0.175 0.066 0.758 03182
Qi | think that students pa... 0.108 0.072 0.821 0.1779
Q1 Your active listening ca... 0.387 0.075 0.538 0.6997
Q His persuasion skills ar... s 0.148 _ 0.076 0.776 0.2115
Q he has told us very poli... L P 0076 292 e -0.1027
Q The professor uses ever... e 0176 _ 0.088 - 736 0.3678
Q His calm way of teachi.. e 0333 0.09 0.577 0.5859
Q He tried to help us wit.. e 0272 0.091 0.638 0.6597

Fig. 3. Sample comments from students with their corresponding scores.

IV. RESULTS AND DISCUSSION

Our research was developed in 2 dimensions (cases). In the
first, we aimed to investigate and compare the competencies
that students perceive in two different professors. In order to
ensure a common base, we focused on one course, taught by
both professors. Our approach detected varying degrees of
competencies of the two teachers, as expected. Fig. 4
illustrates the results extracted, referring to the grade of
sentiment received from student comments regarding prof 1
in course_1 and prof_2 in course_1 and course_2. The data is
displayed as a collection of points, with the x-axis depicting
the question number (in various colors) and the y-axis
depicting comment intensity (ranging from -1 to +1) as
defined by our system. Note that the compound sentiment
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intensity of a specific comment corresponds to its combined
positive, negative and neutral score according to our model
as described in detail in the previous section.

As we delve into the analysis of these results, two distinct
dimensions emerge, each providing valuable insights into
teacher competencies and student perceptions.

A. Comparative Analysis of Different Professors of the
Same Course

In the first case, our objective was to discern and compare
the competencies perceived by students in two different
professors who taught the same course. The sentiment
analysis results, as depicted in Fig. 4, reveal variations in
sentiment intensity across specific competencies. More
specifically, Q1, Q2 and Q4, for prof 1, received the most
positive responses with the greatest intensity, thus indicating
that the corresponding competencies of “Listening”,
“Persuasion” and “Presentation” were evident in prof_1. On
the contrary, the feedback comments referring to “Empathy”
and “Collaboration”, had the lowest sentiment score. In
addition, for each question, it should be noted that only a few
student comments received a negative compound intensity.

08
0.6
04 B0

0.2

compound

-0.2

-0.4

-0.6
L L L

Q3 Q4 Qs

Question

09 i@ S

Q1

Prof_2in course_1

1 L 1

Q1 Q2

Q3 Q4 Qs

Question

Prof_2 in course_2
Fig. 4. Sentiment intensity of student comments for prof_1 in course_1, prof_2 in course_1 and prof_2 in course_2.

Also, in Fig. 4, it is observed that the scores received by
the student comments concerning the competencies of prof 2
in the same course (course_1) are distributed over a wider
range of values of intensity, without clearly indicating the
existence of the specific competencies concerning prof 2.

Summarizing and comparing the results of the first case,
depicted in Fig. 4, concerning the competencies of 2 different
professors in the same course (course_1), the students’ point
of view is clearly established as shown in Fig. 5. Despite the
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obvious differences between the two professors that the
students discerned, as for example in the “Presentation” skill,
it is found that in both professors the students “see” the lack
of teacher empathy as evident. This finding is notable and in
line with research findings from Meyers et al. [40] who
highlight the need to measure teachers’ empathy.

Our findings also extend previous research [3, 41] by
directly applying sentiment analysis to evaluate specific
teacher competencies in higher education. Our approach, also,
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differs from Syauqi et al. [42], which used data collection
from students’ feedback to provide an overview of their
perceptions through survey methods based on Likert scale
questionnaires.

Q1: Listening

Q5: Collaboration Q2: Persuasion

Q4: Presentation Q3: Empathy

Fig. 5. Mean sentiment score of student comments received, regarding the
competencies of 2 different instructors of the same course (course_1).

Next, we presented our data in a cluster matrix using the
k-means algorithm. We aimed to group student responses into
clusters based on their similarity. The choice of k-means
algorithm was made due to its simplicity and interpretability.
In addition, the k-means algorithm provides high reliability
and efficiency in clustering responses in various domains,
such as education [43-45]. Given our data, and guided by the
elbow method [46] we implemented the k-means algorithm
over a range of k values to ensure the optimal choice for the
number of clusters. The following heat map diagram (Fig. 6),
concerns the comment clustering of the case of prof_1,
course_1.

-0.25895 0

compound I

pos
neq
neu
Question

I

Question
BQ1 BQ2 0Q3 BQ4 OQ5

Fig. 6. Data clustering using K-means algorithm.

The far-right column indicates the prevailing question in
the specific comment cluster. An interesting finding
emerging through the cluster exploration was the nature of
the content of each cluster. We found that comments referring
to the same question, and in extension to a specific teacher
competence, were clustered together, based solely on
sentiment and not on question type. For example, it seems
clear that the comments related to Q1 were “grouped”
together because of the common characteristics detected in
the specific comments and not because they were stated to be
related to Q1. In other words, the student opinions referring
to specific teacher competencies showed a homogeneity in
terms of the sentiment they expressed and what they believed
about their instructors without an extensive dispersion of
opinions regarding the same competence, thus strengthening
the value of our findings.
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B. Comparative Analysis of the Same Professor Across
Different Courses

Case 2, which concerns the same professor in different
courses (course_1 and course_2), is also quite interesting.
The aim of this case was to investigate whether students
perceive one professor’s competencies differently depending
on the nature of the course. For this reason, we attempted to
measure the specific competencies of prof_2 in course_2, in
addition to course_1. Fig. 4 depicts the results referring to
prof_2 in course_2. As observed, there are questions (Q2 and
Q4) that correspond to the “Persuasion” and “Presentation”
competencies which received comments with negligible
negative sentiment scores, in contrast to the case of prof_2 in
course_1. However, a moderate amount of feedback
comments referring to “Listening”, “Empathy” and
“Collaboration” received negative compound scores, as in
case 1 for prof_2 in course_1.

Taking into account the results regarding course 1 and
course_2 for prof_2 we found that certain competencies were
consistently perceived by students, regardless of the course’s
nature. More specifically, the competence, or lack thereof,
when it comes to empathy expressed, listening and
collaboration, is equally evident in students regardless of the
nature of the course. Simultaneously, teacher competencies
such as powers of persuasion used to inspire students and
enhance/boost their interest, as well as presentation
competencies, seem to depend on the nature of the course. In
order to reinforce this observation, we posed an additional
question to the students of courses 1 and 2. We asked them to
express their opinion about which of the 2 courses they
considered to be more difficult or complex. The results
showed an overwhelming difference between the 2 courses,
since more than 90% of the students considered course_1 to
be more difficult than course_2. We concluded that there are
indeed some competencies such as persuasion, presentation,
etc. which depend on the nature of the course. For example,
according to students, a course that is easy to understand
contributes to the emergence of the presentation skill
possessed by the professor who teaches it.

This research represents the first known endeavor to
employ sentiment analysis on open-ended student feedback,
shedding light on the assessment of specific teacher
competencies. While recent review papers have thoroughly
examined sentiment analysis in education, none have
ventured into the domain of teacher competences [47-49].
Notably, sentiment analysis has demonstrated its versatility
by finding application in diverse fields related to competence
management, including assessing operator skills in
manufacturing  systems [50], modeling  doctor
communication skills in the medical domain [51] and
addressing ethical considerations, such as evaluating the
honesty of lawyers, within the legal domain [52]. This serves
as motivation for utilizing sentiment analysis in competency
assessment within the education domain, a fact confirmed by
our experiments. Utilizing sentiment analysis, our approach
efficiently processes streaming data, even with standard
computer specifications, without encountering computational
limitations. In contrast, most machine-learning approaches
present drawbacks concerning big training data sets,
significant training and classification time, CPU processing,
high memory, etc. In summary, our contribution extends prior
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research by directly applying sentiment analysis to evaluate
teacher competencies in higher education, opening up new
avenues for further research and discussion, offering
opportunities to refine and improve the assessment of teacher
competencies in higher education.

V. CONCLUSION AND FUTURE WORK

In this paper, we highlighted the necessity of extracting
valuable knowledge from student feedback and exploiting
this data with the aim of improving teaching and learning in
universities. We also emphasized that student feedback
comments regarding open-ended questions are unique but
unfortunately remain untapped due to the fact that current
analyses are primarily limited to traditional techniques
focused on closed-ended questions. As a result, not only do
teachers miss out on the opportunity to gain insight into
teaching procedures and the unique elements that characterize
them in the educational process, but the educational system is
also deprived of the potential benefits for all involved.

In this study, we proposed a sentiment analysis approach
for mining and quantifying student opinion in order to bridge
the aforementioned gap. Following our previous research and
using our approach with a dataset from the University of
Thessaly, teacher communication competencies were
assessed measuring the intensity of sentiment of each student
comment in two cases; for two teachers in the same course
and for one teacher in two different courses. The analysis of
the results, indicated that students expressed a homogeneous
and convergent view regarding competencies referring to the
same instructor, thus both strengthening their opinion and
also providing added weight to our approach. From our
research, it was also revealed that teacher competencies such
as “Presentation” and ‘“Persuasion” are more evident in
courses with a lower degree of difficulty and vice versa in the
opposite case. More specifically, according to our research
and based on student opinion, a course that is easy for
students to understand, contributes to the emergence of the
presentation and persuasion competence possessed by the
professor who teaches it. Simultaneously, according to the
data collected from the students in our study, competencies
such as “Listening”, “Empathy” and “Collaboration”
possessed by a teacher were revealed to be independent of the
nature of the course.

While conducting this study, we encountered certain
limitations that are important to acknowledge. More
specifically, during the data collection process, our research
was limited to gathering data of feedback from students of
our university on two courses and two professors. Although
an expanded collection of student feedback including
multiple courses with different characteristics such as
semester, cognitive area, degree of course difficulty, etc.,
would require additional time and effort, we believe it could
contribute to revealing important findings and conclusions. In
addition, the language in which the students expressed
themselves was their mother tongue, Greek, in order for their
responses to convey meaning and sentiment as accurately as
possible. Although from a technical point of view in our
model, we had the ability to rely on a multilingual sentiment
lexicon, we preferred the validity of the VADER lexicon.
Because this choice limited us to the use of the English
language, in order to achieve maximum accuracy and
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efficiency, all the student comments initially collected in the
Greek language, were subsequently translated into English by
accredited translators and interpreters of Greek and English.

Looking ahead, we plan to conduct extensive research on
various methods of measuring and leveraging student
feedback using machine learning algorithms. We strongly
believe that through our research we can contribute to how
institutions face the challenge of harnessing this vast amount
of data, with the ultimate goal of enhancing the teaching and
learning processes.
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