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Abstract—Given the increasing abundance of online courses over the last
couple of years, new forms of student feedback, which are less frequently used by
teachers, have been generated in massive amounts. Nonetheless, extracting and
processing this student generated content manually is costly and time consuming.
In this respect, our objective in this paper is to propose a lexical-based approach
that can predict the underlying sentiments of each student review, thus, enabling
teachers to assess to what extent students are satisfied with the online learning
resources and teaching practices. To enhance the performance of the proposed
approach, a new education sentiment lexicon was built and incorporated into the
model. After its implementation on a dataset that was extracted from the Web,
this sentiment analysis lexical approach has proven to correctly predict the senti-
ment polarities of the great majority (i.e. 86.45%) of student feedback.

Keywords—education, student feedback, sentiment analysis, lexicon

1 Introduction

Collecting information from students about their experience as learners has always
been part and parcel of any educational system. Though there are various methods to
assess students’ learning and teaching strategies, student feedback is considered as one
of the most effective and most reliable methods that are used to assess the effectiveness
and quality of both learning and teaching [1, 2]. By retrieving and analyzing this feed-
back, teachers can get valuable insights into how students are learning as well as how
they are engaged with course materials.

Feedback is traditionally collected by administering anonymous surveys to students
using open-ended questions, or a mixture of open-ended and closed-ended questions.
In addition to using questionnaires, feedback can also be gathered through class discus-
sion, especially in cases in which the class is relatively small. In recent years, different
forms of student feedback, which are less frequently used by educators and academic
institutions, have emerged. In fact, due the growing proliferation of learning resources
on the Internet over the last decade, the online platforms hosting these educational
materials are not only an environment where learners can access courses, but also an
open space where they can post comments as well as questions or answers to various
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issues or learning problems that need clarification irrespective of time and space con-
straints [3, 4]. These new forms of feedback, thus, provide students with a 24/7 oppor-
tunity to make their voices heard and reveal information which may not have been
available in standard surveys [5, 6].

However, given the voluminous quantities of student feedback that are available
online, extracting and processing this data manually is costly and time consuming.
Thus, given the fact that student feedback can arouse positive emotions or feelings
such as satisfaction and happiness, or negative ones such as sadness or anger [7], our
objective in the present article is to propose a sentiment analysis approach that enables
teachers and educators to automatically identify the perceptions and attitudes of stu-
dents towards learning materials and teaching strategies.

Sentiment analysis refers to the application of Natural Language Processing and
text analysis techniques so as to extract subjective information from textual data and to
determine whether the sentiments expressed in the text are positive, negative or neu-
tral [8]. In recent years, given the massive amounts of data that have been generated
online, there has been a steady increase in interest from businesses and researchers in
sentiment analysis and its application in informing decision making. Sentiment analysis
applications have already been implemented in a variety of sectors. Nevertheless, one
of the domains in which these systems has recently been gaining ground is education
[9, 10, 11, 12, 13].

The rest of this article is organized as follows. Section Two reviews some of the
recent research works that have explored student feedback using sentiment analy-
sis. Section Three presents our lexicon-based approach for analyzing the sentiments
expressed in student feedback. Section Four presents and discusses the results related
to the implementation of our approach. Finally, Section Four summarizes the findings
of this paper.

2 Related work

Given the growing amounts of student feedback generated on social media and on
e-learning platforms, numerous research studies have recently been carried to extract
value from this data using different sentiment analysis techniques. In this respect, in an
attempt to assess teacher performance before, during and after the COVID pandemic,
Jiménez et al. [14] submitted questionnaires to students from a Brazilian university.
Based on this student feedback, the authors used the Bidirectional Encoder Representa-
tions from Transformers (BERT), which is a pre-trained language model [15], to iden-
tify the students’ sentiments expressed in the comments. The results of their research
study revealed that the perceptions of students towards the performance of teachers
online (during the pandemic) were positive, which clearly proved that the performance
of faculty in distance education was better than in in-person courses.

In their research work Jimmy & Prasetyo [16] applied sentiment analysis to clas-
sify undergraduate student feedback on teaching conduct. For this purpose, they col-
lected data from Indonesian higher education students and empirically evaluated the
performance of three sentiment analysis classifiers, namely Naive Bayes (NB), Support
Vector Machine (SVM), and Decision Tree. Amongst these models, SVM was found to
perform the best, in terms of accuracy, in classifying the sentiments of student feedback.
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For their parts, Almosawi & Mahmood [17] built a lexical-based sentiment analysis
approach to determine the polarity of students’ feedback. In this vein, they collected
data by using an open-ended questionnaire and created a dictionary of opinions in the
field of higher education. After the implementation of their lexicon-based approach to
identify the polarity of student feedback, the findings have revealed that it scored (82%)
for the positive class and 40% for the negative.

In their research study, Umair et al. [18] undertook a comparative analysis of stu-
dent feedback before and during the COVID pandemic. Student feedback was collected
by means of WhatsApp and Google forms and then fed into two supervised machine
learning algorithms, namely NB and SVM for classification. A comparison of the per-
formance of both models on the dataset showed that SVM works best for text polarity
classification. It was also found out that the online learning adopted during the pandemic
is associated with more negative reviews as compared to the blended teaching mode.

To assess the effectiveness of teaching and learning, Mabunda et al. [19] developed
a sentiment model to analyze the feedback provided by students. After training machine
learning models such as SVM, Multinomial NB, Random Forest, K-Nearest Neighbors
and Neural Networks on the student dataset they obtained from Kaggle, it was noted
that the latter model was more effective in predicting the sentiments of students towards
teaching practices.

To gain insights into the opinions of Malaysian university students regarding the
quality of e-learning systems, Baragash et al. [20] analyzed the data they collected from
Twitter. After data preparation, the authors used a sentiment analysis-based machine
learning model (i.e. SVM) to classify students’ opinions and RapidMiner to determine
the sentiment of tweets and the accuracy of the algorithm. The findings of their study
demonstrated that most students have a positive opinion about e-learning systems in
Malaysian universities as 65% of reviews were classified as positive.

3 Proposed approach

Sentiment Analysis is carried out by making use of various techniques. Yet, these
can be roughly divided up into two major categories, namely machine learning and lex-
icon based approaches. In the first category, a machine learning algorithm is trained to
classify sentiments based on both the words and their order in the sentence. However,
the success of this set of models greatly depends on the quality of the training dataset
as well as on the algorithm used.

On the other hand, the lexicon-based approach is based on extracting and comput-
ing the polarities of sentiment words by using a sentiment lexicon. Each word in this
sentiment lexicon has a score that represents its polarity, namely positive, negative
or neutral and each document is scored by aggregating the sentiment scores of all the
terms in that document.

Since the annotation of datasets on which machine learning models should be trained
and tested requires a lot of efforts, we opted for VADER (Valence Aware Dictionary and
sEntiment Reasoner for Sentiment Analysis) for the sentiment classification of student
feedback [21]. VADER is a lexicon and rule-based sentiment analysis tool that is spe-
cifically fined-tuned to recognize the sentiments expressed in web-based media [22]. It
makes use of a dictionary that maps lexical features or words to emotion intensities or
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sentiment scores. A word can, thus, be annotated as either positive or negative depend-
ing on its semantic orientation. In addition to calculating the polarity (positive/nega-
tive) of an input text, this rule based sentiment classifier can also quantify the intensity
or strength of the emotion the text has on the basis of the word order and sensitive rela-
tionships between the terms. The underlying sentiment of a given review or document,
is then computed by the compound score. This metric sums the total of lexicon ratings
which have been normalized to be between —1 (most extreme negative) and +1 (most
extreme positive). The architecture of the proposed model is illustrated below.

/ Positive
IS,

Lexical-based
Student Feedback |=——— Preprocessing —_— B
Approach (VADER) \
|

Neutral

Education
Sentiment Lexicon

Fig. 1. Architecture of the proposed lexical model

However, though over 7500 tokens are listed in VADER dictionary, there are many
entries that are not available in this lexicon. In fact, words such as ‘basic’, ‘enroll’,
‘unenroll’, ‘mediocre’, ‘elementary’ and ‘quit’, which are likely to be used in a com-
ment posted by a student and have the potential to affect the sentiment score of the
feedback, are absent as entries. To make up for this limitation, we built an education
sentiment lexicon (cf. Figure 1 above) that is mainly composed of words that are likely
to appear in student feedback together with their sentiment scores. For instance, words
such as ‘enroll’ and ‘unenroll’ are assigned +1 (i.e. positive) and —1 (i.e. negative) sen-
timent scores, respectively. If such tokens are part of the student feedback but not added
in the lexicon, they would be considered as neutral and so is the feedback.

4 Experiments and results

To test the performance and validity of the proposed model, it was implemented on
student feedback that was extracted from Coursera, which is an e-learning platform that
hosts hundreds of courses in a variety of disciplines. This dataset is mainly composed
of reviews that leaners posted about eight information technology courses or tutorials
that they have been enrolled in together with the titles of these courses. However, the
titles of these online courses have been replaced with new IDs in the present study.

Before using this dataset, it should be pre-processed. In actual fact, since raw data is
usually noisy given that it often contains useless information, which is likely to affect the
performance and prediction of the model, the retrieved student feedback had to undergo
preprocessing. For this purpose, reviews that are not written in English were deleted.
Unnecessary characters such as numbers, hyperlinks, tags were also discarded. However,
preprocessing tasks such lowercasing, punctuation and stopwords removal have been
ignored in this particular study. This is simply because VADER tends to take capitaliza-
tion such as “GOOD” vs. “good” and punctuation marks as “!”” into consideration when
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assigning sentiments. Furthermore, as stopwords such as negation particles like “nof”,
and degree modifiers (e.g. “very”) have been found out to be quite helpful when it comes
to identifying negative emotions, such items have not been subject to pre-processing.

After this slight pre-processing, the total dataset composed of a total of 3000 reviews
were fed into the proposed lexical model to see how performant the latter is in pre-
dicting the underlying sentiment that each review exhibits. The implementation of the
model on the dataset yielded the following results.

Table 1. A sample of reviews and their assigned sentiments

Reviews Courses Clean_Reviews Score Compound Sentiment
0 This course gave me a great experience. | am k... C-1 This course gave great experience. | keen lear... {neg" 0.0, 'neu 0.625, 'pos 0.375, ‘comp...  0.7650  Positive
1 The subject is very interesting but the teachi... C-1 The subject interesting teaching not good. The...  {neg: 0.165, ‘neu”: 0.743, 'pos’ 0.092, co...  -0.7183  Negative
2 Compactly and concisely organized to show the ... C-1 Compacly concisely organized show application... {neg’ 0.0, 'neu’: 1.0, 'pos’: 0.0, ‘compound... ~ 0.0000  Neutral
3 A repetition of other courses in the track, go... c1 A repetition course track, good reinforcement ...  {neg" 0.168, 'neu’: 0.611, 'pos”: 0.221, ‘co... 01779 Positive
4 Everything is very good, | enjoy this course a... C-1 Everything good, | enjoy course | learned lot.... {neg" 0.0, 'neu: 0.336, ‘pos' 0.664, ‘comp... ~ 08713 Positive

As Table 1 clearly shows, each student review is associated with four values, namely
neg, neu, pos, which provide a proportion of the text that counts as negative, neutral, and
positive, respectively. The fourth value (i.e. compound) is the normalized sum of the
first three values. The first review, for instance, has no negative information (neg = 0),
but it has some positive and neutral tones (pos = 0.375 and neu = 0.625). Thus, since
the compound score of the review is > 0.05 (i.e. 0.765), the overall sentiment of this
comment is positive.

A thorough sentiment classification of the dataset reveals that a large portion of the
reviews posted by learners about courses are positive. This is illustrated by Figure 2:

Il Positive
I Negative
B Neutral

Fig. 2. Overall sentiment classification of student feedback
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As Figure 2 shows, 65.78% of the whole feedback is positive, which explicitly
demonstrates that positive words outweigh negative terms in these instances. However,
while about a quarter of these reviews correlates with negative sentiments given the
omnipresence of negative words, the minority (i.e. 8.98%) of the comments is charac-
terized by the absence of sentiment words or include approximately the same ratio of
positive and negative items. Accordingly, they are classified as neutral.

The proposed sentiment classifier does not only provide a global overview of how
positive or negative student feedback generally is, but it is also capable of identifying
the ratio of positive, negative and neutral sentiments that are associated with specific
courses. Consider Figure 3.

BN Negative
c8 B Neutral
N FPositive

c-7

c6

c5

Courses.

c4

C3

c-2

0 100 200 300 400 500 600 700

Fig. 3. Ratio of sentiment polarity per course

A close look at Figure 3 shows that apart from Course C-5 in which the majority of
student feedback is negative, all other courses are characterized, with varying degrees,
by the predominance of positive reviews. Through this feedback, faculty can spot what
parts of a given course their students are good at and in what particular areas or issues
the students are having learning problems.

To see to what extent the proposed lexical approach can predict the underlying sen-
timents of new student feedback, we extracted an additional dataset (i.e.1500 reviews)
from Coursera and manually labelled each review as positive, negative or neutral. After
going through the same pre-processing phases outlined above, the resulting reviews
were fed into the proposed lexical approach. To evaluate the performance of the model,
we used accuracy as an evaluation metric. This is illustrated in Table 2 given below.

Table 2. Performance of the proposed approach

Lexical Approach Accuracy Score
Without Education Sentiment Lexicon 77.65%
With Education Sentiment Lexicon 86.45%

As the table shows, the lexical approach achieved an accuracy score of 77.65% in
predicting the correct sentiment for the overall student feedback. However, since the
number of lexical words on which VADER is based is very limited, we opted for the
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construction of an education sentiment lexicon and for its incorporation in the system.
The integration of this dedicated lexicon has improved the accuracy of the approach
to 86.45%. Such good results clearly demonstrate the outstanding performance of the
proposed approach over the baseline model.

Taking into consideration the findings above, it is quite clear the proposed approach
can help instructors get the perceptions and opinions of students towards the learn-
ing resources, teaching strategies as well as towards the teacher’s performance [23].
In fact, based on the sentiment classification of feedback performed by the proposed
model, teachers can monitor the learning experience of their students and to dis-
cover and address their concerns. This can include the learning difficulties they have
encountered, the things to change, add or keep in the course together with the strengths
and weaknesses that students perceive in teaching practices along with potential areas
for improvement.

Moreover, as opposed to traditional approaches which collect and analyze student
feedback at the end-of-course evaluations or at the end of the semester or year, that
is, at a time in which the chances of enhancing the course materials and learning have
passed, this sentiment analysis classifier can collect and analyze student feedback in
real-time or near-real-time and can enable faculty to act on the feedback in a timely
manner. Accordingly, it does not only allow instructors to adjust resources and teaching
methods while the course is still being taught, but it also enables current learners to
have answers to questions that they have asked and to reap the benefits of the sugges-
tions they have made. However, this does in no way means that instructors should make
all of the suggested changes, but they can acknowledge or assure the students that they
have heard their voice.

5 Conclusion

Given the growing amounts of student generated content on the Web, the objec-
tive of this paper was to propose a sentiment analysis lexical-based approach that can
classify this student feedback as being positive, negative or neutral. To improve the
performance of the proposed approach, an education sentiment lexicon was constructed
and integrated into the model. After the implementation of our approach on a data-
set that was extracted from Coursera, it was revealed that the sentiments of the great
majority of students’ reviews were correctly predicted. This lexical approach can, thus,
enable educators to assess the degree of satisfaction or dissatisfaction that students feel
towards learning resources and teaching practices.
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