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Abstract

The Covid-19 pandemic caused uncertainties in many different organizations, institutions gained experience in remote
working and showed that high-quality distance education is a crucial component in higher education. The main concern in
higher education is the impact of distance education on the quality of learning during such a pandemic. Although this type
of education may be considered effective and beneficial at first glance, its effectiveness highly depends on a variety of
factors such as the availability of online resources and individuals’ financial situations. In this study, the effectiveness of
e-learning during the Covid-19 pandemic is evaluated using posted tweets, sentiment analysis, and topic modeling tech-
niques. More than 160,000 tweets, addressing conditions related to the major change in the education system, were
gathered from Twitter social network and deep learning-based sentiment analysis models and topic models based on latent
dirichlet allocation (LDA) algorithm were developed and analyzed. Long short term memory-based sentiment analysis
model using word2vec embedding was used to evaluate the opinions of Twitter users during distance education and also, a
topic model using the LDA algorithm was built to identify the discussed topics in Twitter. The conducted experiments
demonstrate the proposed model achieved an overall accuracy of 76%. Our findings also reveal that the Covid-19 pandemic
has negative effects on individuals 54.5% of tweets were associated with negative emotions whereas this was relatively low
on emotion reports in the YouGov survey and gender-rescaled emotion scores on Twitter. In parallel, we discuss the impact
of the pandemic on education and how users’ emotions altered due to the catastrophic changes allied to the education
system based on the proposed machine learning-based models.
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1 Introduction

The Covid-19 pandemic has made it necessary to make

P< Cagatay Catal changes in our social life to protect ourselves against the
ccatal @qu.edu.qa virus [1] while continuing our daily activities. One of the
Rahim Sadigov most affected areas by the pandemic is education. Due to
1900001535 @stu.iku.edu.tr the adverse conditions that occurred during the pandemic,
Elif Yildirim face-to-face education was suspended by governments
elif.yildirim @iku.edu.tr worldwide and online education took its place for a while.
Biigra Kocaginar Such an unfamiliar situation at a very large scale led to
b.kocacinar@iku.edu.tr different conflicting ideas among people. Some thought
Fatma Patlar Akbulut this new system would have a positive effect on students,
f.patlar @iku.edu.tr some criticized it and pointed out the flaws of distance

' Department of Computer Engincering, Istanbul Kiiltiir education. Because of social isolation during the pandemic,
University, Istanbul, Turkey people mostly shared their opinions on digital platforms.

2 Department of Software Engineering, Istanbul Kiiltiir Twitter was still very popular during the pandemic period.
University, Istanbul, Turkey The fact that every tweet has different kinds of content

3 such as restrictions, slang, hyperlinks, emojis, and hashtags

Department of Computer Science and Engineering, Qatar . - ” )
University, Doha, Qatar make Twitter sentiment analysis a challenging process [2].
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Considering such complexities, Natural Language Pro-
cessing (NLP) techniques are very beneficial while build-
ing different solutions [3].

These days, one of the most popular research areas of
NLP is sentiment analysis [4, 5], which is employed in
diverse domains such as recommender systems, data-dri-
ven systems, healthcare studies, etc. Due to the popularity
of social media, enormous amounts of data are being cre-
ated daily on the Internet. Individuals share their opinions
on various social media platforms such as Facebook,
YouTube, and Twitter, and as such, it is possible to reach
interesting and useful conclusions and also develop prod-
ucts by analyzing sentiments from these posts. Because
these reviews not only produce an impact on the person’s
perspective but also provoke an effect on product deals [6]
that have an effect on third-party dealers on retail platforms
[7]. However, constructing such predictions is not an easy
task, since the oversaturation of the content fills the
channels with too much noise, making it difficult to con-
nect and convert. It makes a robust sentiment analysis very
challenging with this kind of unfiltered content that
includes grammar mistakes, typos, links, and emojis.

The main motivations of this study are to analyze the
sentiments of the tweets using Deep Learning models, see
how the education system was affected during the Covid-
19 epidemic, and how distance education affected people
socially. The objective is to help the management groups
who design the education systems and individuals accu-
rately map the emotions during the pandemic by analyzing
the emotions of individuals on distance education through
social media content. In this study, sentiment analysis was
carried out using a dataset collected from the Twitter social
media platform. The emotion class of each text was
determined and the polarity values were calculated. We
gathered Turkish tweets about distance education. The
study contains several procedures such as pre-processing,
tweet labeling according to the polarity values, categoriz-
ing data by their content, training model with LSTM,
Recurrent Neural Networks (RNN) algorithms, and opti-
mization of models by tuning the hyperparameters. The
main contributions of this study are as follows:

e A new dataset was built for topic-oriented sentiment
analysis in the Turkish language

e Efficient deep learning-based sentiment classification
models were developed using different deep learning
and word embedding algorithms

e Social media was used to critically evaluate the
education system, which is one of the most sensitive
and important matters of today, especially during a
pandemic.
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2 Background and related work

2.1 Natural language processing and sentiment
analysis

Sentiment analysis is a method of scientific inference,
which is very useful for the daily life of people on a global
scale, especially on social media, where people share their
opinions on different issues such as products, services,
institutions, and brands, especially social and political
developments. It is the act of fast and reliable reporting and
making meaning from large volumes of data on various
online platforms [8]. It is one of the most important
problems in NLP today. The field of NLP is the whole of
methods formed by the interactive work of machine
learning and computational linguistics fields with computer
science [9]. In addition to many application areas, NLP
also deals with the digitalization of texts with the help of
software programs. Individuals share the information they
have on social media platforms, their thoughts on different
subjects, and make comments about the movies they watch,
the books they read, and the products they buy [10]. Such
data shared on social media platforms is enormous and
therefore, the opportunity to measure the polarity of this
data is of great interest to experts and data scientists.

The purpose of sentiment analysis is to measure the
polarity and calculate the sentiment polarity values of the
texts. Therefore, sentiment analysis can be considered as a
text classification method. Each tweet in the dataset
included in the sentiment analysis studies categorizes the
content on a broader scale such as positive, negative, and
neutral [11]. It is basically a text-processing action and
aims to determine what the given text expresses emotion-
ally. Based on this, sentiment analysis can be expressed as
the process of categorizing and classifying the predominant
emotion in the written message. On the other hand, senti-
ment classification is basically formed by the use of
opinion mining techniques and some statistical techniques
[12].

Recently, deep learning-based analysis of sentiments has
achieved great success in different areas such as audio-
visual [13], image [14], and sequential data [15] process-
ing. While increasing the training data for traditional
machine learning techniques does not always improve the
performance, in deep learning, the success chance increa-
ses as the training data diversifies and increases. In this
case, a large amount of training data is required [16]. There
are many proven deep learning algorithms for sequential
data processing such as Recurrent Neural Networks (RNN),
LSTM, 1D-Convolutional Neural Networks (CNN), and
Gated Recurrent Units (GRU). For instance, Imran et al.
[17] used an LSTM architecture to analyze the correlation
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between people’s sentiments and emotions with a dataset
that was gathered during the Covid-19 pandemic. More-
over, sentiment analysis is performed with hybrid models
that combine different deep learning architectures [18-20].

Despite remarkable progress in the evolution of com-
mon NLP applications, context-dependent mining, and
NLP services, little progress has been made in enhancing
existing text analysis capabilities. In the existing design, it
is challenging to incorporate an NLP tool with the existing
applications. To overcome the issue, several researchers
[21, 22] have implemented service-oriented architectures
which is currently the most preferred approach in devel-
oping this software that is positioned under Al such as
NLP, defines a way to make software components reusable
and interoperable through service interfaces [23]. Gener-
ally, the most important benefits of using the SOA concept
are technology reuse and change agility, which cannot be
offered in monolith structures. DevOps (Development &
Operations) [24], used in developing SOA-based compo-
nents, is a set of practices for developing, testing, and
deploying software quickly and reliably, ensuring harmony
between different roles in software teams, and encouraging
collaboration among developers, testers, and operators.
SOA along with DevOps practices gives rise to Microser-
vices [25, 26], making machine learning models easier to
enhance. This highlights the MLOps (Machine Learning
Operations) concept that traditional aspects of service
monitoring apply differently [27]. Al models can be easily
integrated into software systems, as dealing with changing
requirements for data, feature modeling, monitoring,
debugging, and updating models can be easily performed
with MLOps. Studies in the literature present model
architectures for solving problems [28-30], as well as
explain how these models are integrated into software
systems using MLOps.

2.2 Topic modelling

Topic modeling helps arrange a huge amount of textual
data by dividing them by the number of different topics
found in the text. The method summarizes the text similar
to the sentiment analysis approach, however, the difference
is that the concern of topic modeling is the topic itself
while sentiment analysis is based on the polarity of the
given data. The findings derive that, with topic modeling, a
model discovers hidden patterns between different topics,
helps create annotations according to the sub-genres, and
shows branches that simplify the process of summarizing
the text [31]. The method considerably inhibits the occur-
rence of failures in the summarizing part since it is suc-
cessful for learning if trained in the right way [32], it
interactively evaluates the homogeneous data found and
then, builds the topics on top of that if a number of topics

desired are not given. An article [33] highlights the
importance of clustering the words for aircraft accidents
and implies that text mining approaches such as topic
modeling can play a crucial role in understanding complex
systems where both qualitative and quantitative data should
be evaluated.

3 Methodology

The current study explores the effect of Covid-19 on
Twitter from the perspective of emotion and topics by
utilizing pre-trained models, topic modeling, and deep
learning-based sentiment analysis models. The proposed
system architecture used in this study is shown in Fig. 1.

Data collection is carried out according to the keywords
determined in the first step of the study. Pre-processing
steps such as tokenization, stemming, removing stop
words, and special characters are also applied. In the next
step, polarity is calculated and a positive or negative tag is
assigned for each tweet. At the end of the classification
process, results and learning processes for various model
architectures are evaluated.

Collected data from Twitter

:

Pre-Processing steps

Stop word ing special

\V4

Calculate Polarity

Y4

Classification

v v

RNN LSTM

v v

Evaluation

Fig. 1 Information flow logic of the proposed system
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3.1 Tweet dataset

In the study, we scraped tweets from Twitter with an open-
source scraping tool Twint'. While building our corpus, we
used the following keywords in Turkish: “distance edu-
cation”, “education”, “distance learning”, “e-learning”,
“online education”. We gathered a total of 160,000
tweets?, and the timeline of the tweets is between 2020 and
2021. Figure 2 shows one sample from the collected
tweets.

3.2 Tweet pre-processing

Tweets often consist of incomplete phrases, various noise,
and poorly structured sentences due to the presence of
abbreviations, incorrect grammar, malformed words, and
non-dictionary terms. For these reasons, it is essential to
make the raw text ready for mining. Since almost every
tweet contains unnecessary content such as punctuation,
hashtags, symbols, and emoticons, they have to be filtered
out. The dataset prepared in this research was obtained by
applying various pre-processing techniques. The most
basic process applied is cleaning the noisy data by
removing the expressions that are unnecessary and have no
value in sentiment analysis. With the help of this method,
various symbols such as links starting with “http” in the
content of the texts, emojis, numeric expressions, punctu-
ation marks, and usernames (starting with the @ sign) in
the texts belonging to Twitter have been removed. After
these processes, all the content of the texts was converted
to lowercase letters, and the spaces at the beginning and
end of the texts were removed.

After noisy data cleaning on texts, the next data cleaning
step is to remove the stop words in Turkish (e.g., acaba, da,
her, gibi in Turkish language) that usually represent the
most common words in a language. The reason why these
words were removed is that they create some misunder-
standings or do not have any significance. Later, we
applied stemming/lemmatization approach to Turkish text
collection. This process was carried out using Zemberek
[34], which is an NLP library developed for simplifying
words into their roots in the Turkish language. In this way,
we were able to find the roots of words. The other feature
that we use in Zemberek is to check the spelling. In
Table 1, we show some examples of spell-checking and
word rooting with Zemberek.

! available at https://github.com/twintproject/twint
2 available at https://github.com/ikuceresearch/Turkish-NLP-dataset
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Ancak ne yazik ki egitimin en temel sorunu
#nitelikliegitim'e #erisim'de #firsatesitligi sorunu bu
slirecte derinlesti. 18 milyon 6rglin egitim 6grencisinin
yaklasik 1/3'l uzaktan egitime halen erisemiyor.
Yiksekogrenim 6grencilerinin de en temel
sorunlarindan biri #UzaktanEgitim

11:01 AM - Jan 1, 2021 - Twitter for Android
Fig. 2 Tweet sample regarding distance education

3.3 Word embedding

Successful text representation starts with a vector space
model for representing text, which has been mainly
employed for document representation and lately, it has
been extended to a word or term representation. We used
word embeddings to build neural language models based
on word vectors by the Word2Vec toolkit [35]. Word
embeddings are reflections in a word space that are
expected to preserve semantic and syntactic resemblance
between them [36]. It has two architectures to represent
words in a multi-dimensional space: the skip-gram (SG)
and the continuous bag-of-words (CBOW) model. The
CBOW model targets learning the embeddings by pre-
dicting the central word in a text and showing the other
words without respect to their order. The SG model uses
the contrary methodology of CBOW to indicate the
encompassing context words given the central word. In the
Word2Vec model, skip-gram architecture is used to extract
concept categorization by vectorizing words. All cleaned
training data is used to create word embeddings and the
vector size was specified as 50. The minimum word fre-
quency is 5, which means that the words occurring less
than 5 times are not placed in the Word2Vec model.
Window, the maximum distance between the current and
predicted word in a sentence, is 5. Workers, which are
threads for training the model, were selected 4 for faster
training.

3.4 Sentence level sentiment polarity calculation

The next step is to determine the polarity score of the
tweets, which is a lexicon-based sentiment feature. Since
we have a limited dataset in a narrow scope, we fine-tuned
tweet content on a new dataset and used the Turkish Electra
pre-trained model” to predict the sentiments as positive or
negative. The following steps were followed to determine
the emotion classes of the tweets.

3 available at https://github.com/kuzgnlar/models
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Table 1 Tweet samples before and after pre-processing

Raw tweet

After preprocess

Uzzaktan egitim derslerimizde hocalarimiz bizler icin kolayliklar saglamak adina anlatdiklar1

video kayitlar halinde bize ilettiyor

Yahu insan gunde bilgisayar karsisinda oturur, uzaktan egitim cooook kotu

Uzaktan egitimin tadini cikaralim kisa zamanda egitim eski haline doner

Uzaktan egitim ders hoca biz kolay sagla anlat
video kayit biz ilet

insan giin bilgisayar kars1 oturmak uzaktan
egitim cok kiitii

uzaktan egitim tat ¢ikarmak kisa zaman egitim
eski hal donmek

1. The words that makeup all the texts in the dataset are
considered as independent words.

2. Afterwards, these words were checked from two
separate vocabularies containing positive and negative
words created for the Turkish language.

— If the number of positive words in the text is higher
than the number of negative words, this text is
labeled as positive,

— otherwise, it is labeled as negative.

As a result of this, we classified the tweets into two cate-
gories: negative and positive. We dropped neutral tweets as
it is mentioned above. As seen in the Table 2, at the end of
this step, a total of 141,438 tweets were classified as 64,332
negatives and 77,106 positive tweets.

The score of each word is computed by measuring the
Pointwise Mutual information (PMI) between two words,
w; and w, of the tweet [37]:

PMI (w1, w2) = loga(p(wiandwy) /p(w1)p(w2)) (1)

where p(wjandw,) is the likelihood of how often w; and w,
are repeated, p(wy) is likelihood of occurrence of wy and
p(wy) is likelihood of event of w,. Then, for words w in a
tweet, a sentiment score is computed:

SC(w) = PMI(w,ps) — PMI(w,ng) (2)

where w is a term in the dictionary, PMI(w, ps) is the PMI
score between the expression w and the positive ps content,
and PMI(w, ng) is the PMI score between the term w and
the negative ng tweet content. Accordingly, a negative
SC(w) denotes that there is a more powerful relationship
between the term w with negative emotion and the other
way around.

PMI(w, ps)

= > PMI(w,]) 3)

lewords

If SC(w) > 0, then w is positive, otherwise, it is negative.

After all these steps specified above, the next step is text
vectorization. Before this stage, the dataset needs to be
splitted into two sets, namely training and testing. 20% of
the dataset was used for testing and the remaining 80% was

used for training. After splitting the dataset as training and
testing, we performed text vectorization. The purpose of
this process is to translate data written in human language
into a language that a deep learning model can understand.

3.5 Sentiment analysis using LSTM
and Word2Vec embeddings

The proposed solution for constructing the model first
converts the texts into numerical data. Afterward, pre-
processing techniques are applied to the input data. The
data is then transmitted to the multiple repeating layers for
processing. The data is transmitted to the layer where an
activation function is running for classification. In Fig. 3,
we see the architecture of our LSTM model. An embedding
layer, three LSTM layers, and one output layer using the
sigmoid function as an activation function are added to the
LSTM model that has 512, 256, 128, 256, and 128 neurons
with a dropout of 10 percent. The model was compiled
with the Adam optimizer using a 0.00001 learning rate and
trained in 10 epochs.

3.6 Latent dirichlet allocation-based topic
modeling

The text structure is viewed as a mix of topics that can be
generated with machine learning methods to predict latent
variables. Therefore, it is likely to use multiple methods to
obtain information from a sequence of text, i.e., X =
X1,X>, X3, ..., X, where X; refers to the i tweet. LDA is
one of the most widely used methods that is characterized
as a generative probabilistic model of a sequence. It is a
topic modeling method that focuses on probabilities. Let
Z=2z,2,...,2 be the set of k topic models. We can
define a log-likelihood objective function as [38]:

Z logp X \Z() (4)

xeX

logP(X|Z) =

where 0(x) = argmaxlogp(x|zp) is the topic identity of
tweet. A topic was documented as a likelihood assembly
procedure over all the corpus that has a probability ranging

@ Springer
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Table 2 Dataset sentiment class

Emotion Count Percentage (%)
Positive 64332 45.5
Negative 77106 54.5
Total 141,438 100

Embedding Layer

LST™M
S12 Umnits

W

Output

| Positive I | Negativel

Fig. 3 Illustration of proposed LSTM model for Twitter sentiment
analysis

from O to 1. In the LDA generator process, the document is
treated as a bag of words that is a mixture of topics that
contain a mixture of words [39].

For the evaluation of positive and negative topic models,
we used perplexity and topic coherence, which deliver a
suitable criterion to consider how promising a topic model
is. When we achieve lower perplexity, it means that it is a
useful model. With topic coherence, we measured the
semantic similarity of the group of content. The more
coherent the subject is, the higher the average pairwise
similarity between words is.

@ Springer
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Fig. 4 All tweets were evaluated according to the number of different
topics: a) Perplexity Score b) Coherence Score

4 Experimental results

After different pre-processing steps, approximately
141,438 tweets containing positive or negative emotions
remained in the dataset. For a complete analysis, we first
carried out the task of topic modeling and then, classified
the tweet sentiment analysis using deep learning
algorithms.

Figure 4 depicts that the best coherence score belongs to
two and three number of topics, and later, it declines
immediately. As the number of topics increases, peaks and
troughs are observed in the coherence graph. By examining
the graphics and inter-topic distance maps, and considering
the overlapping, the number of appropriate topics accord-
ing to the graphic was evaluated as three.

In Fig. 5, the extracted topics for all tweets are shown.
Each bubble in this figure represents a topic. The per-
centage of the number of tweets in the corpus on that topic
is related to the size of the bubble. The higher the per-
centage is, the larger the bubble. Accordingly, topic 1
given in Fig. 5 has the highest percentage. The distance
between the bubbles is also related to the similarity of the
topics. Bubbles that are far from each other are interpreted
as different topics.
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ic Distance Map (via multidimensional scaling)

PC2

2
Marginal topic distribution

%2
%5
%10

Fig. 5 The inter-topic distance map of tweets for sentiment analysis
during distance education between 2020-2021

Figure 6 shows the word list for each topic. It expresses
its frequency according to the corpus shown in blue in
word lists. The bars in red show the number of occurrences
of words for the given topic. Accordingly, the words shown
with the longest red bar for the given figures are the most
used words. It is seen in Fig. 6 that the most used term of
topic 1 is the word “ders” (lecture in English). It is seen
that the word “online” stands out according to the word list
of the second highest percentage on topic 2, and the word
“ol” (occurs in English) for topic 3.
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Fig. 7 Negative tweets were evaluated according to the number of
different topics: a) Perplexity Score b) Coherence Score

Figure 7 depicts that the best coherence scores for
negative tweets belong to three and five number of topics.
When the topic number was evaluated as 8 and 10, the
lowest coherence scores were observed. According to these

ol (occur)
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okul (school)
iz (face)

158 wan)

bil (know) I
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Fig. 8 Positive tweets were evaluated according to the number of
different topics: a) Perplexity Score b) Coherence Score

results, the number of topics with the highest coherence
score was determined.

When positive tweets are evaluated, the best coherence
score is obtained with two number of topics according to
Fig. 8. In this graph, the lowest coherence scores were

(a) b

obtained when the number of topics was 6 and 10. The
more consistent the subject, the higher the similarity
between the words in pairs, so the lowest scores were not
taken into consideration in the evaluation of the number of
topics, and the number of topics was decided for the high
scores.

A word cloud was also created according to the year of
the pre-processed tweets. In word clouds, which contain
words formed in different sizes according to their fre-
quencies, size and word importance are directly propor-
tional. As seen in Fig. 9, “online”, “ders” stands out
among the words used in all tweets for 2020, as well as for
negative and positive tweets.

As seen in Fig. 10, the words “online”, “ders” stands
out again. When both sub-figures in Fig. 9 and 10 are
compared, it is seen that words such as “sikint1” (distress
in English),“dert” (trouble in English),“plan”, “destek”
(support in English) are used more frequently in 2021.
However, it is seen that words such as “pandemi” (pan-
demic in English) and “is” (work in English), which are
not seen in the word cloud given in Fig. 9 sub-figure b, are
frequently used in tweets classified as negative in 2021
according to sub-figure b in Fig. 10.

After finding the hidden semantic structure with topic
modeling, we built NLP models to classify sentiments. We
trained the distance education-related Twitter dataset with
two deep classifiers namely Long-Short Term Memory
(LSTM) and Recurrent Neural Network (RNN). We initi-
ated tuning the models by adding more hidden layers and
increasing the number of neurons in the hidden layers to
make them more complex, this approach helped us to
increase both training and validation accuracies, therefore
the models could be learned from and generalized the
dataset. However, as the models were getting more com-
plex, the training accuracies continued to increase whilst

(¢

hato online egitim .- 12t ders yap o ’E%‘»"}‘"‘ devam  okul o hak“”‘“ var o sedl hafta “bilgsretmen
3G oy zaten anne 3 yine ] C A ] .
& yasa ! e e ?F{inﬁayi” T online bulus strec uzak 0 @ gir egitiyertt “online dert8Un
o @ e arkada Aleckin
iE o h[‘;'y(\:l‘” b elkalh K bak (osekiinr et konu' Kal ks relsbedelll Uzaktanegitim
dunya ArLik yane 73(9” .
nl < sen . . " c . jers gercekten
sors am G55 &3 ol | ddiisin > 2 " 7la sadece 1aCR0S08eC0
) =5 . z ker |1
Uzak egitin- ak e s Online ders
- 0 hazir
'g zaman © it egitim dcvam g‘ 5 program U Z iy eg l t lm basla . Jde'v‘s' v’Beﬂ slnlf ogrencl yoz egmm N
€ a k12 syal igel % e rak
O herkes g I faen & oku % ogfetmen Eﬁ'? 1 sen du st program r k
g iyi €V niversi e - ‘ ben online $UZ@ eglt im*
. f 2 . 2 R e §
Soder L1530, ““‘Tf. dinle sl ders anla & 2 i bahcesehir kolej ogrenci akagemik 0KUlhayat e et 3
o bit iste odev K 2 e1sbe TE 8Or_ bekle yiz yiz calls bedel” asker < gor Etillb 1rtlk fat 1
kullan 2. c - 3 d tek gizel e 2y C  ders ak ozel okul,
o918, sk ders ol k°"“uygu1 3 5, deger O]_egl‘ im destel 1 re 1‘:" Y - devam etgers gir © a:la e
,,,,, go @ 4 degilz: : - s
i relsbedelll uzaktanegltlmmsh &8 o Sisten ? kendi - ne ol3 (581 F degil o universite,
S cocuk ileders 'ver ulLac¥ 5 . uzaktanegltlm blﬂl = bekle ¥ Berders b’ ders Ver
X 4 m; - rk ders Sile
B gel bekle YoK send"ders al YUz yiz 2 € AR o ontined 2 ders, isle YOK dener
E : konus 5o ders ver, dore bl o § ogrenci '~ ders yap©= i &
ulke - . tic ders devamey 0t Chf A sorek gec kiz %7peki okul ag simdl cocuk
C alaaksan online " Yap i 5iti jur =
S ders dinle eBitis nafta L ine “Yar online egitim

;ir_uzaktanegitim bilcanii yayin (detay bilgi

eba tv €81 Tl

ev online de ira tek

f
Yin ba mgocuk sin1f

takip Pfrc;sbedeu; uzaktanegitim hoca

Fig. 9 Most frequently used words in a all tweets of 2020, b negative tweets, ¢ positive tweets

@ Springer



Cluster Computing

(a) (b)

~
(]
~

ece=online - shee etXHizle"anla . ders gece X yideos bit teknik boyu
i‘; surec d AATER : 2" &8¢ AL b(; le;”z"e‘ . %) Vl(")ge:'én:c;. DiLE=t m 881 e Ocak lste
=5 € 302 kendi'_wgre""“*j R 4 yayin xOgece_online E o g LE (g0} na?%tav . sone final OK
- o~ l‘ = 5% donem“‘rkce o5 (;OC t . Ca l 1S & oy s + e lt"el m
f e b s el &5 P 3 eg l l mer online dert il # q)’>' Y= ey
A (D) en g kutla\/'e ',‘,, g etkln k°”“$ E ‘H} L Em'_{i Tink es, devam t
rvane . bl ok AN, , 2 ol " di gzel ¢ gl ders geg 200" O i & CQXE
g iyi artik @ gunaydm urs yap Q7 >8€ - sabah “online o ey S g N y pmg" o
G s D0 boyle o pandemi . ; Senso QF 5 e Y =28 8
5 K Kalgore ara 3 verim a ogre o
":QEqE ez smngeval e ONU magdu ders_dinie - * ev.) y pk i withal s 8 dilekee L A
o 3 m o4 alt d <3 eni ay.. r ullan o 12 o
O nf ;I' *ﬂymz«lf by e r S y ba$1a* hoca 2 koru g | g;x; u:q) QE)E
= 2k1p odev saat saat gl oY yay1n Uzak c:(0D - 7: =d
v-iverlm notarn OgrenCl ﬂiN b ° - e : QJ%
K" sabah_online: ‘devam et: et CERAE SBF v
uza eglt im* - 5 )anden ilswonline donem wdTta ECp L |—| g - i
] 3 at >" lSte = ko § = R : yay1in uqu < b
ogrg VLHq‘l']al 2 3 S Va1 = bak:Finternet ver.o l tdl.of
k1z kimya™ aygs, pyj]%ene OF n : pa | A b kleé «eFiny ‘I Ze ga 1§
43% bakb”ak e v gor! fuKal unlver51te £evap A f ktaklp e o
il Tele Jretkinbile ) i Sfalan e ] e #bile wic haicanllome = ¢an
eoltlm hocam‘sg(ers gece v +1S 1N 1jf..cakip g‘v V@r yenl( Oum, evam et
destsk SNt online’ dert?™ > uzak 7 862 slrec., = S1n vYben.. 8o mUz ke yil egzersiz i the

Fig. 10 Most frequently used words in a all tweets of 2021, b negative tweets, ¢ positive tweets

(a) Accuracy

— frain
validation

0.80 1

0.75 1

0.70 1

0.65 1

(b) Loss

0.65

— ftrain
validation
0.60 1

0.55 1

0.50 1

0.45 1

0.40

Fig. 11 Accuracy and loss trends of the LSTM model

validation accuracies remained stable, thus we added reg-
ularizers and dropout layers to make the accuracy and loss
scores of the training and validation sets at equal rates.
Also, epoch sizes, optimizers, and learning rates had effects
on the learning approach of the models. After some trials of
different optimizers, we got the optimal results with Adam
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Fig. 12 Accuracy and loss trends of the Simple RNN model

in the LSTM model, while SGD gave the most accurate
results in the RNN model. We trained the models with
several learning rates and got the optimal results with
0.00001 as the learning rate of the LSTM model (Fig. 11 ),
and 0.001 as the learning rate of the RNN model (Fig. 12).

As it is seen in Fig. 11, LSTM could not have a con-
tinuous learning curve after the second epoch. To fix this
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Fig. 13 Accuracy and loss trends of the LSTM with Word2Vec model

issue, we fine-tuned the Embedding layer of the LSTM
model by changing it with a pre-trained word embedding,
which is Word2Vec. (Fig. 13)

When we compare the results (Table 3), we see that the
accuracy scores of the algorithms without word embedding
are 78% for the LSTM model and 74% for the RNN model.
The model trained using word embedding with the same
LSTM architecture has a 75.9% accuracy. Although the
accuracy of the LSTM without word embedding seems to
be higher, it can be said that the LSTM model with
Word2Vec has a better learning process when the whole
training process is evaluated. This is seen if we compare
two LSTM outputs. In the LSTM model after the second
epoch, accuracies and losses of the validation curve start to
flatten out. However, in the LSTM with the word2vec
model, for both training and validation sets, accuracies are
increasing and losses are decreasing after each epoch, also,
training and validation sets have closer values to each

other. Furthermore, the simple RNN model has a consistent
learning curve, but when it is compared to the LSTM with
word embeddings, LSTM with Word2Vec has better
performance.

5 Conclusion

During the coronavirus pandemic, authorities took some
precautions to protect the citizens’ health while meeting
societal needs, which led to the closure of traditional face-
to-face education institutions and the forced rise of the
distance education system. While some countries were
more agile in taking measures to improve the quality of
education, many countries had a difficult time making this
transition due to several problems. This was a very large-
scale experiment and unfortunately damaged the resistance
and faith of society. This caused psychological issues and
caused people to become introverted. Since social media
allows people to express themselves in the easiest way, it
was critical to make sense of the content here. Therefore,
the study is intended to identify the major topics and sen-
timents about COVID-19 distance education discussed on
social media. We also explore the changes in these topics
and sentiments awareness to better understand the exten-
sive trend since it is still being discussed if distance edu-
cation is helpful for learners or not. The first category of
contributions focused on finding the general sentiment of
individuals. To do so, we gathered the social media posts
between 2020 and 2021. Varied text preprocessing tech-
niques, such as tokenization, normalization, stop-word
removal, stemming, etc., have been employed to clean the
content. Afterward, word embedding approaches have been
utilized to assemble neural language models based on word
vectors by Word2Vec. Following that, several deep learn-
ing-based sentiment models were created, as well as topic
modeling using the LDA algorithm. It was observed that
word embedding has improved the LSTM-based sentiment
model. The highest performance was obtained with the
LSTM model using Word2Vec, which has 75.9% valida-
tion accuracy. It is observed that in Turkey, according to
the tweets that were collected in the given period of time,
54.5 percent of the people have negative feelings about
online education. The primary reason for this situation is
that, unlike traditional education, education has changed
from being a community activity to an individual practice

Table 3 Sequential models

based sentiment analysis results Classifier Val. Acc. Val. loss Train Acc. Train loss
RNN 0.740 0.528 0.764 0.498
LSTM 0.788 0.469 0.827 0.385
LSTM with Word2Vec 0.759 0.501 0.760 0.497
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at home, necessitating the need to learn new tools and
decreasing social activities by reducing campus access.

Funding Open Access funding provided by the Qatar National
Library.

Data availability Data is available upon request.

Declarations

Competing interests The authors have no conflicts of interest to
declare.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References

1. Kocacinar, B., Tas, B., Akbulut, F.P., Catal, C., Mishra, D.: A
real-time cnn-based lightweight mobile masked face recognition
system. leee Access 10, 63496-63507 (2022)

2. Korashy, H., Medhat, W., Hassan, A.: Sentiment analysis algo-
rithms and applications. Ain Shams Eng. J. 5(4), 1093-1113
(2014)

3. Chowdhary, G.: Natural language processing. Ann. Rev. Inf. Sci.
Technol. (2020)

4. Ayaz, Teoman Berkay, Uslu, Muhammed Safa, Agcabay, ibra-
him, Ahmad, Farouq, Korkmaz, Omer Faruk, Kiireksiz, Mesut,
Ulugam, Emre, Yildinm, Elif, Kocacinar, Biista, Akbulut,
Fatma Patlar: Global impact of the pandemic on education: a
study of natural language processing. In 2022 Innovations in
Intelligent Systems and Applications Conference (ASYU),
pp 1-4. IEEE, (2022)

5. Sosun, S.D., Tayfun, B., Nukan, Y., Altun, i., Erik, E.B., Yldrm,
E., Kocagnar, B., Akbulut, F.P.: Deep sentiment analysis with
data augmentation in distance education during the pandemic. In:
2022 Innovations in Intelligent Systems and Applications Con-
ference (ASYU), pp 1-5. IEEE (2022)

6. Li, X., Chaojiang, W., Mai, F.: The effect of online reviews on
product sales: a joint sentiment-topic analysis. Inf. Manag. 56(2),
172-184 (2019)

7. Song, W., Li, W., Geng, S.: Effect of online product reviews on
third parties’ selling on retail platforms. Electron. Commerce
Res. Appl. 39, 100900 (2020)

8. Mustafa, Y., Gormez, ve K., Albayrak Aygegiil, O., Yildiz.
Makine Ogrenmesi yontemleri ile duygu analizi. In: International
Artificial Intelligence and Data Processing Symposium,
pp. 234-243 (2016)

9. Adali. Egsref, dil Igleme, Dogal: Tiirkiye Biligim Vakfi Bil-
gisayar Bilimleri ve Miihendisligi Dergisi, pp 1-19, (2012)

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

Albawi, S., Mohammed, T.A., Al-Zawi, S.: Understanding of a
convolutional neural network. In: International Conference on
Engineering and Technology, pp 1-6 (2017)

Erkut Bolat. Solunum sistemi hastaliklarinin simiflandirilmasinda
makine Ogrenmesi yontemlerinin kullanimu. Istanbul Universitesi
Saglik Bilimleri Enstitiisii, (2021)

A.D. J. A. a. S.Dubey. Twitter sentiment analysis during
covid19 outbreak. (2020)

Middya, A.L, Nag, B., Roy, S.: Deep learning based multimodal
emotion recognition using model-level fusion of audio-visual
modalities. Knowl.-Based Syst. 244, 108580 (2022)

Fei, Z., Yang, E., Leijian, Yu., Li, X., Zhou, H., Zhou, W.: A
novel deep neural network-based emotion analysis system for
automatic detection of mild cognitive impairment in the elderly.
Neurocomputing 468, 306-316 (2022)

Patlar Akbulut, F.: Hybrid deep convolutional model-based
emotion recognition using multiple physiological signals. In:
Computer Methods in Biomechanics and Biomedical Engineer-
ing, pp. 1-13 (2022)

Ay Karakus, B.: Derin Ogrenme ve biiyiik veri yaklagimlari ile
metin analizi. Firat Universitesi Fen Bilimleri Ensititiisii (2018)
Imran, A.S., Daudpota, S.M., Kastrati, Z., Batra, R.: Cross-cul-
tural polarity and emotion detection using sentiment analysis and
deep learning on covid-19 related tweets. IEEE Access 8,
181074-181090 (2020)

Zhang, W., Wu, Y.: Semantic sentiment analysis based on a
combination of cnn and Istm model. In: 2022 International
Conference on Machine Learning and Knowledge Engineering
(MLKE), pp 177-180 (2022)

Tyagi, V., Kumar, A., Das, S.: Sentiment analysis on twitter data
using deep learning approach. In: 2020 2nd International Con-
ference on Advances in Computing, Communication Control and
Networking (ICACCCN), pp 187-190 (2020)

Salur, M.U., Aydin, I.: A novel hybrid deep learning model for
sentiment classification. IEEE Access 8, 58080-58093 (2020)
Indu, S., Srinivas, N.K., Harish, P.J., Ganga Prasad, R., Varghese,
N., Sreekanth, N.S., Pal, S.N.: NIp@ desktop: a service oriented
architecture for integrating nlp services in desktop clients. ACM
SIGSOFT Softw. Eng. Notes 38(4), 1-4 (2013)

Walkowiak, T.: Language processing modelling notation—
orchestration of nlp microservices. In: Advances in Dependability
Engineering of Complex Systems, pp. 464—473. Springer (2017)
Niknejad, N., Ismail, W., Ghani, I., Nazari, B., Bahari, M., et al.:
Understanding service-oriented architecture (soa): a systematic
literature review and directions for further investigation. Inf. Syst.
91, 101491 (2020)

Waseem, M., Liang, P., Shahin, M.: A systematic mapping study
on microservices architecture in devops. J. Syst. Softw. 170,
110798 (2020)

Akbulut, A., Perros, H.G.: Performance analysis of microservice
design patterns. IEEE Internet Comput. 23(6), 19-27 (2019)
Akbulut, A., Perros, H.G.: Software versioning with microser-
vices through the api gateway design pattern. In: 2019 9th
International Conference on Advanced Computer Information
Technologies (ACIT), pp. 289-292. IEEE (2019)

Mikinen, S., Skogstrom, H., Laaksonen, E., Mikkonen, T.: Who
needs mlops: what data scientists seek to accomplish and how can
mlops help? In: 2021 IEEE/ACM 1st Workshop on Al Engi-
neering-Software Engineering for AI (WAIN), pp. 109-112.
IEEE (2021)

Huddar, M., Sannakki, S., Rajpurohit, V.: Attention-based multi-
modal sentiment analysis and emotion detection in conversation
using rnn. Int. J. Interact. Multimed. Artif. Intell. 10, 01 (2020)
Vaca, C., Tejerina, F., Sahelices, B.: Board of directors’ profile: a
case for deep learning as a valid methodology to finance research.
Int. J. Interact. Multimed. Artif. Intell. 7(6), 60 (2022)

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Cluster Computing

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Radha Kumari, R., Vijaya Kumar, V., Rama Naidu, K.: Opti-
mized dwt based digital image watermarking and extraction using
rnn-Istm. Int. J. Interact. Multimed. Artif. Intell. 7(2), 150 (2021)
Li, Y., Nair, P., Wen, Z., Chafi, 1., Okhmatovskaia, A., Powell,
G., Shen, Y., Buckeridge, D.: Global surveillance of covid-19 by
mining news media using a multi-source dynamic embedded
topic model. In: Proceedings of the 11th ACM International
Conference on Bioinformatics, Computational Biology and
Health Informatics, pp. 1-14 (2020)

Yuening, H., Boyd-Graber, J., Satinoff, B., Smith, A.: Interactive
topic modeling. Mach. Learn. 95(3), 423-469 (2014)

Anderson, C., Smith, M.J.O.: Qualitative analysis of loss of
control aircraft accidents using text mining techniques. Int.
J. Aviat. Aeronaut. Aerospace 4(4), 2 (2017)

Akin, M.D., Akin, A.Af.: Zemberek, an open source nlp frame-
work for turkic languages. In: Design of a Finite-State Transducer
for Parts of Speech Tagging of Turkish

Kishore Ayyadevara, V.. Word2vec, pp. 167-178. Apress,
Berkeley, CA (2018)

Ghannay, S., Favre, B., Esteve, Y., Camelin, N.: Word embed-
ding evaluation and combination. In: Proceedings of the Tenth
International Conference on Language Resources and Evaluation
(LREC’16), pp. 300-305 (2016)

Peter, D.T., Michael L, L.: Measuring praise and criticism:
inference of semantic orientation from association. ACM Trans.
Inf. Syst. 21(4), 315-346 (2003)

Ghahramani, M., Galle, N.J., Ratti, C., Pilla, F.: Tales of a city:
sentiment analysis of urban green space in Dublin. Cities 119,
103395 (2021)

Chauhan, U., Shah, A.: Topic modeling using latent dirichlet al-
location: a survey. ACM Comput. Surv. 54(7), 1-35 (2021)

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

Rahim Sadigov received a B.S.
degree in Computer Science
from Baku State University and
received M.S. degree from
Computer Engineering Depart-
ment at Istanbul Kiiltiir Univer-
sity. He works as a professional
graphic designer. His research
interests include deep learning,
machine learning, IT trends, and
web development.

@ Springer

Elif Yildiim received a B.S.
degree in Computer Engineer-
ing from Marmara University
and pursuing an M.S. degree
with the Computer Engineering
Department at Istanbul Kiiltiir
University. She also works as a
Research Assistant at the Com-
puter Engineering Department,
at Istanbul Kiiltiir University.
Her research interests include
deep learning, artificial intelli-
gence, machine learning, and
data science.

Biisra Kocacinar received a B.S.
degree in Computer Engineer-
ing from Istanbul Kiiltiir
University, where she is cur-
rently pursuing an M.S. degree
with the Computer Engineering
Department. She also works as a
Research Assistant at the Com-
puter Engineering Department,
at Istanbul Kiiltiir University.
Her research interests include
artificial intelligence, big data,
and machine/deep learning.

Fatma Patlar Akbulut received
the B.S. and M.S. degree in
Computer Engineering from
Istanbul Kiiltiir University, and
a Ph.D. degree in Biomedical
Engineering  from  Istanbul
University in 2017. Her doctoral
work focused on developing
machine learning-enabled
wearable systems for long-term
cardiovascular disease monitor-
ing. She joined the Computer
Engineering  Department at
Istanbul  Kiiltir ~ University
(IKU) in 2019, where she cur-
rently works as the department chair of the Software Engineering
Department. Prior to IKU, Dr. Patlar Akbulut worked as a Post-
Doctoral Researcher at the Computer Science Department and
Advanced Self-Powered Systems of Integrated Sensors and Tech-
nologies (ASSIST) Center of North Carolina State University
(NCSU) between 2017 and 2019. Her research interests include
biomedical signal processing, affective computing, data analytics, and
wearable systems for healthcare.



Cluster Computing

Cagatay Catal is a Full Professor
at the Computer Science and
Engineering (CSE) department
in Qatar University. Previously,
he worked as a Full Professor at
the Department of Computer
Engineering in  Bahcesehir
University in Istanbul. He
worked for 2 years as a full-time
faculty member at Wageningen
University & Research (WUR)
in the Netherlands. He also
worked 6 years at the depart-
ment of Computer Engineering
in Istanbul Kultur University as

an Associate Professor and the Head of the Department. Before

joining the university, he worked 8 years at the Scientific and Tech-
nological Research Council of Turkey (TUBITAK), Information
Technologies Institute as a Senior Researcher and Project Manager.
His research interests include deep learning, machine learning, natural
language processing, software engineering, software testing, and
software architecture.

@ Springer



	Deep learning-based user experience evaluation in distance learning
	Abstract
	Introduction
	Background and related work
	Natural language processing and sentiment analysis
	Topic modelling

	Methodology
	Tweet dataset
	Tweet pre-processing
	Word embedding
	Sentence level sentiment polarity calculation
	Sentiment analysis using LSTM and Word2Vec embeddings
	Latent dirichlet allocation-based topic modeling

	Experimental results
	Conclusion
	Open Access
	References


