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ABSTRACT The aim of this study was to share our experience of developing a digital Natural Language Processing
Tool and its implementation in the process of training future linguists. In this article, we demonstrate the
process of creating the web application SENTIALIZER, which is a multilingual Sentiment Analysis Tool
developed with the help of the Python programming language and its libraries NLTK, BS4, TextBlob,
Googletrans. The integration of Sentiment Analysis Tools into the educational framework is relied on
the Unified Theory of Acceptance and Use of Technology (UTAUT) as its foundation. The results show
that students see the prospects of using Sentiment Analysis Tools in their educational and professional
activities, are ready to use them in the future, but are not ready to participate personally in projects to
develop and improve such technologies. The reasons for this attitude are discussed. The presented study
has a clear focus on student learning outcomes, which is an important criterion for the successful
integration of technology into the educational process.
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INTRODUCTION

Digital transformation initiatives in educational institutions are currently in the focus of researchers'
attention, and the activities of influential European and global organizations such as the European
Commission, UNESCO and UNICEF are focused on them. Higher education institutions are undergoing
a transition towards a novel university model known as the digital university (Fernandez et al., 2023).
The process of developing the university of the future is influenced by the changing world of work, the
emergence of new non-traditional competitors in the field of educational services, the development of
students' digital behavior and their expectations from learning, global mobility and the transition to
lifelong learning (Halloran & Friday, 2018). According to Fernandez et al. (2023), digital transformation
is characterized by the development of a fresh strategic business framework within an organization,
employing cutting-edge digital technologies to deliver substantial value to all stakeholders involved.

In the information age universities have steered numerous initiatives to explore unique digital
technologies to enhance students’ experience in learning (Mohamed Hashim et al., 2022). Numerous
studies show that the introduction of digital technologies in the educational process has a positive impact
on the quality of education, changes its nature and form, promotes active participation of students in
classroom and extracurricular activities, and prepares them to enter the labor market (Ben Youssef et
al., 2015; Bond et al., 2018; Mancillas & Brusoe, 2016; Pinto & Leite, 2020).

There are extensive studies, in particular using the UTAUT model, on the adoption of digital education
and technologies by university students, which show that most students adapt to the requirements of
digital learning, attach great importance to favorable conditions of the digital learning environment
(Aliafio et al., 2019; Bouznif, 2018; Lehmann et al., 2023; Romero-Rodriguez et al., 2020; Salloum &
Shaalan, 2019).

When examining the digital technologies utilized by students, a trend emerged revealing three
predominantly employed types out of the nine identified (Pinto & Leite, 2020). To facilitate their
learning, students most often use Learning Management Systems (LMS), Publish and Share tools and
Information and Communication Technologies (ICT). Technologies that are grouped under the category
of ICT are software or web-based applications. Many studies describe positive experiences with both
types of ICT. For example, the successful trial of mobile learning, using handheld devices and online
material, in an undergraduate biology class for a wildlife survey (Chapple et al., 2017), students' use of
Google Drive Spreadsheet and Arguimedes software for budgeting and measurement goals in the
Building Engineering context (Garcia-Vera & Chiner Sanz, 2017), development and implementation of
an intelligent mobile game application Quiz Time! (Quiz Time! is an intelligent mobile game-based
learning application designed to assess and enhance students' proficiency in the programming language
(Troussas et al., 2020), to determine the impact of nano-learning technology such as cloud and Mat Lab
app on the academic performance and cognitive load of further mathematics students (Feng, 2023).

Digital technologies play an important role in language education. The study (Kanoksilapatham, 2022)
assesses the impacts of incorporating digital technology into English education with regard to Thai
university students' linguistic gain by using sets of strategically selected grammar online lessons. By
aggregating a large-scale corpus into a linguistic learning network, the study (Zhang, 2021) observes
and evaluates how data extracting, model exploring, verifying and falsifying are interacted in students'
linguistic learning process. Wang (2023) explores a wide range of innovative e-learning tools/resources,
such as EdPuzzle interactive video lectures, VR applications, Flipgrid video sharing, and the Wikibook
project, which have been fairly well integrated into the teaching of an undergraduate level linguistics
course at The Education University of Hong Kong. Darmoroz (2017) investigates the professional
training aspects of computer linguistics specialists using the University of Stuttgart as a case study. It
delineates the components of curricula that encompass both theoretical and practical facets of computer
linguistics, aiming to equip contemporary specialists with the ability to grasp the intricacies of the field
and to adapt to the challenges of a globalized world. The possibilities of integrating ChatGPT into
language courses and programs in higher education are also being explored (Baskara & Mukarto, 2023).
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Rapid progress in the field of Natural Language Processing (NLP) makes it possible to develop and
implement new digital technologies in linguistic education. The availability of modern tools and free
access to huge text corpora makes it possible to teach students basic NLP operations: to automatically
tokenize text into sentences and sentences into words; search for synonyms, synonymic sets (groups of
synonymous words), and hypernyms; apply spelling correction; tag words with parts of speech; classify
texts; create a frequency dictionary for a particular text corpus. To perform these tasks, students can
develop their own code using a programming language and special libraries or use both specialized
software and corresponding web applications.

An important area of NLP is Sentiment Analysis, a technique used to determine whether a data is
emotionally positive, negative, or neutral. Méntyld et al. (2018) highlights Sentiment Analysis as a
rapidly expanding domain within computer science. This growth is attributed to the proliferation of
subjective content on the internet and the substantial publication of articles on computer-driven
Sentiment Analysis technigues. Sentiment Analysis and opinion mining have become increasingly
pivotal in both commercial endeavors and research pursuits, owing to their potential utility across
diverse fields of application, including business, social networks and education (Bisio et al., 2017;
Kastrati et al., 2021). In business, Sentiment Analysis can progress focused insight, enhance client
benefit, accomplish better brand picture, and upgrade competitiveness (Tiwari et al., 2019). For
example, Sentiment Analysis is used to improve the quality of Mobility Network services
(Kokkinogenis et al., 2015), study the opinions of airline customers (Tiwari et al., 2019), adverse drug
reaction detection from text posted by patients in Twitter and Daily Strength (Sarker & Gonzalez, 2015),
decision-making approach, in e-marketing situations (Bueno et al., 2022), predicting stock market
movements (Pagolu et al., 2016), etc.

Today, millions of people express their opinions and feelings on social media. A number of studies have
been devoted to the Sentiment Analysis of social media posts (Birjali et al., 2021; Piryani et al., 2017
Pozzi et al., 2017; Yadav & Vishwakarma, 2020). Users’ posts on Twitter, Facebook, Instagram,
YouTube, etc. have become the basis to predict election results (Chauhan et al., 2021), determine the
weather impacts human emotion (Sinnott et al., 2016), for depression detection (Babu & Kanaga, 2022),
disaster monitoring (Sufi & Khalil, 2022), etc. Recently, a new deep learning-based Sentiment Analysis
method enhanced with emojis in microblog social networks has been proposed (Li et al., 2023).

In the field of education, Sentiment Analysis is used to determine students’ feedback in learning platform
environments (Kastrati et al., 2021) and the level of student satisfaction with the course, massive open
online course (Hew et al., 2020), and to students’ academic achievement predictions (Pooja & Bhalla,
2022), etc. As illustrated in his research paper, Faizi (2023) introduced a lexical-based approach capable
of discerning the sentiments expressed in individual student reviews, thereby allowing educators to
evaluate the level of satisfaction with online learning resources and instructional methods. To bolster
the effectiveness of this method, a new educational sentiment lexicon was developed. This lexical
approach to Sentiment Analysis has demonstrated its ability to identify the sentiment polarities in the
vast majority of student feedback accurately.

Let's look at some Sentiment Analysis Tools available to a wide range of users.

Linguistic Inquiry and Word Count (LIWC) aims to analyze texts to identify emotional, social, and
cognitive words (Boukes et al., 2019). The program contains more than 80 linguistic, psychological, and
thematic categories to which the words of the text under analysis are assigned. The core of the program
is a dictionary containing words belonging to these categories. Dictionaries for many languages are
available. Boyd and Schwartz (2021) believe that LIWC has made the prospect of objective, automated,
and transparent psychological text analysis a reality.

Lexalytics Semantria API is a cloud-based text analytics and sentiment analysis service based on
advanced machine learning and NLP. It performs the multilevel analysis of sentences incorporating parts
of speech, assignment of a sentiment score from dictionaries, application of intensifiers, and
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determination of the final sentiment score based on machine learning techniques. This tool provides an
API for Excel, contributes feasibility in terms of usage and configuration (Ikram et al., 2018).

MonkeyLearn offers a suite of powerful no-code machine learning and Al tools to analyze text from
internal CRM systems, social media, emails, documents, online reviews, and more (Wolff, 2020). The
pre-trained Sentiment Analysis model developed by the MonkeyLearn platform has shown high
accuracy in processing text data related to the emergency response (Contreras et al., 2022) and
identifying critical sentiments such as extremism (Basmmi et al., 2020).

Text2Data is an Excel or Google Sheets add-in with a Sentiment Analysis API. It classifies text into five
categories: very negative, negative, neutral, positive, and very positive. The API is based on a NLP
engine and this system contains specially prepared classification models for Twitter and other social
media content, trained on billions of manually verified entries. Text2Data has been used in studies that
have examined the supports and advice that women with intimate partner violence experience received
in online health communities (Hui et al., 2023).

However, it should be noted that Sentiment Analysis methods and tools have a number of limitations
and drawbacks. The works (Birjali et al., 2021; Nandwani & Verma, 2021; Wankhade et al, 2022)
highlight the following methodological problems of Sentiment Analysis: the difficulty of detecting
sarcasm and irony in the text; difficulties in processing messages containing emoticons, little-known
abbreviations and acronyms, slang, idiomatic expressions, grammatical errors; the lack of neutral
opinions when collecting data for analysis, as people tend to express positive or negative opinions on
the internet; the presence of several emotions in one sentence; and the computational costs of using
machine learning in the process of creating Sentiment Analysis Tools. Boukes et al. (2019) presented a
study that evaluates the performance of five off-the-shelf Sentiment Analysis Tools and two tailor-made
dictionary-based approaches. The researchers conclude that the results of off-the-shelf sentiment
analysis tools differ greatly both from each other and from the results of the dictionary-based approach,
requiring manual validation for the specific language, domain, and genre of the research project at hand.

Despite these problems, automated Sentiment Analysis of various types of texts is widely used in various
fields of human activity, as it is cost-effective, especially for large numbers of texts (Boukes et al., 2019).
Therefore, it can be argued that Sentiment Analysis Tools is one of the digital technologies that should
be implemented in linguistic education, its use increases students' motivation to learn and chances for
further employment, gives the educational process practical relevance, and contributes to the
development of digital competencies. One approach to teaching students Sentiment Analysis is to use
ready-made programs and tools available online. The problem with this approach is that such tools
usually do not support languages other than English (Pérez et al., 2023). But multilingual analysis is
necessary (Konate & Du, 2018), so the question arises of creating tools that analyze languages other
than English. This problem has been successfully solved in a number of studies for some regional
languages (Kapocitté-Dzikiené et al., 2019; Kemaloglu et al., 2021; Konate & Du, 2018; Pérez at al.,
2023; Zahidi et al. 2021).

The development of a digital Sentiment Analysis Tool that processes some regional language or
performs multilingual analysis can be the topic of a student project. This study presents the experience
of creating a web-based multilingual Sentiment Analysis application, which took place as a part of a
qualification (bachelor’s) project. The article highlights the technical approach to creating the
application, justifies the choice of tools for implementation, and demonstrates the results of testing this
software product. It goes on to discuss how students majoring in Applied Linguistics and Translation
perceived the opportunity to learn Sentiment Analysis Tools and evaluated the work of the developed
application. To find out the students’ opinions, a survey was conducted before and after the course. The
questionnaire was developed using the UTAUT model.
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DESIGN CONTEXT

This study was conducted in two stages. At the first stage, the multilingual Sentiment Analysis Tool
SENTIALIZER was developed, successfully tested and deployed. The second stage was the
implementation of the developed tool in the educational process. The results of the surveys made it
possible to decide on the feasibility of teaching students to use Sentiment Analysis Tools and gave
impetus to finding ways to improve the developed application. The generalized scheme of the study is
shown in Figure 1.

The development of the Sentiment Analysis Tool and its implementation in the educational process was
carried out at the Chair of Translation, General and Applied Linguistics of Volodymyr Vynnychenko
Central Ukrainian State University as part of the qualification work of the 2021-2022 academic year and
in the spring semester of the 2022-2023 academic year.

Given the growing relevance of Sentiment Analysis, in 2021 it was decided to include this topic in the
list of qualifying works performed by bachelors majoring in Applied Linguistics.

Figure 1.
The Generalized Scheme of the Study

> [l = |- |

1

for processing texts in Ukrainian
« Creation of a web application enabling multilingual
« Successful test of the application
* SENTIALIZER web application
* Pilot implementation of SENTIALIZER in the
educational process
« Determination of students' acceptance of Sentiment
Analysis technologies using the UTAUT model
« Identification of opportunities and ways to improve the
developed tool
« A well-grounded conclusion about the feasibility of
implementing Sentiment Analysis Tools in the educational
process

Research on existing Sentiment Analysis Tools
« Search for a solution to create a Sentiment Analysis Tool
Sentiment Analysis by connecting the Googletrans libra

|
l

Tools

The first task was to identify tools for creating our own Sentiment Analysis program and sources of text
data for processing. To support Sentiment Analysis, various approaches are used: toolkits such as the
Natural Language Toolkit (NLTK), open CV, Pattern, and SK Learn packages NLTK support
preprocessing of tweet text contents (Sinnott et al., 2016). Python programming language together with
NLTK libraries provides an opportunity to create Sentiment Analysis Tools (Gujjar & Kumar, 2021;
Gupta et al., 2017; Kumar et al., 2020; Rathee et al., 2018; Saura et al., 2019). It was decided to create
Sentiment Analysis Tools using Python, its libraries NLTK, Beautiful Soup 4, TextBlob and use text
data from web pages, social media posts, csv files as resources for processing.

NLTK (https://www.nltk.org/) has been described as "an excellent resource for teaching and working in
computational linguistics with Python,” and as "an incredible library for exploring natural language.”
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(Mertz, 2004). Among other things, this library contains the tokenize package, which is important for
Sentiment Analysis, whose methods allow you to split text into separate words or sentences. When
creating a Sentiment Analysis program, the method of splitting text into sentences is used, because a
certain message, i.e. a sentence or a set of sentences, is a subject of analysis.

The Beautiful Soup 4 (BS4, https://pypi.org/project/beautifulsoup4/) library is used for web scraping,
i.e. extracting text data from HTML and XML files. This library does not provide for the use of complex
regular expressions and text parsing (Hajba, 2018).

As per its official documentation, TextBlob is a Python library designed for handling textual data. It
offers a straightforward API to address typical NLP tasks like extracting noun phrases, tagging parts of
speech, translating, classifying, conducting sentiment analysis, and more. (Source:
https://textblob.readthedocs.io/en/dev/). The TextBlob contains the sentiment method, which has two
parameters: polarity and subjectivity. The polarity of the text is represented by a numerical value in the
range from -1 to 1, which indicates the range of the text’s polarity from negative to positive. The
subjectivity value ranges from 0 to 1. The higher the value is, the more subjective the text message is.
For example, analyzing the simple sentence "I really enjoy watching them grow in their prospects™ using
the blob sentiment statement gives the following results:

Sentiment (polarity=0.4, subjectivity=0.5).
Here, the polarity of the text can be interpreted as positive, with an average level of subjectivity.

It was also decided to develop the Sentiment Analysis program as an interactive web application with
the ability to send data to the server for processing and receiving results. The tools for this task were
identified as the Flask framework (https://flask.palletsprojects.com/en/3.0.x/ ) and the Requests library
(https://pypi.org/project/requests/ ), which provides the ability to retrieve data from a web page on
request.

At the first exploratory stage of the qualification study, we researched and analyzed existing Sentiment
Analysis Tools, identified their functionality, advantages, and disadvantages. Constructed using Python
and Flask, the web application Sentalizer (https://thecodinginterface.com/blog/text-analytics-app-with-
flask-and-textblob/) was developed specifically to conduct text analytics on online content sources like
blog pages (McQuistan, 2019). For text analytics tasks, a developer employs Requests to retrieve web
pages, Beautiful Soup 4 to parse HTML and extract visible text, and applies the TextBlob package to
analyze sentiment.

The algorithm for creating a Sentalizer web application is the following:

. Install Flask Environment and TextBlob, Beautiful Soup 4, Requests on your computer.

. Develop the Python code for Building the Flask Sentalizer Text Analytics App.

. Create Jinja HTML templates, which are used to directly display information in a browser window.

. Create a CSS file to style the HTML pages.

. Establish a relationship between a Python program and HTML templates.

. Create an input element with the type="text" attribute to enter the URL to the HTML template.

. Execute the text analysis function by utilizing the BeautifulSoup class from the bs4 package and the
TextBlob class from the textblob package.

8. Develop a tailored Python class named PageSentiment responsible for storing details about a page's
URL, heading, overall sentiment, and sentences exhibiting the most extreme sentiment outcomes.

9. Display the sentiment data of the submitted url in the results.html template.

~No ok~ WD

Testing of the Sentalizer web application has shown that it works correctly.
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Development

Sentalizer, like many other tools, supports analysis of English-language texts only. When looking for
different ways to create Sentiment Analysis Tools for Ukrainian-language texts, we eventually chose a
method involving machine translation using the Googletrans library, which uses the Google Translate
API. Although this method is not as accurate as using pre-compiled polarity dictionaries for each
language separately, it allows us to cover 108 languages at once, use fragments of the Sentalizer code
without changing existing tools.

Experience has been gained in generating subjectivity analysis resources in a regional language by
leveraging the tools and resources available in English. A prerequisite for this method is the presence of
a connection between English and the chosen target language, such as a bilingual dictionary or a parallel
corpus. Bilingual dictionaries have served as the foundation for constructing a tonal dictionary for
German (Kim & Hovy, 2006) and a lexicon of subjectivity for Romanian (Mihalcea et al., 2007). This
approach offers the advantage of simplicity and efficiency (a dictionary with over 5000 entries can be
created within seconds), although its drawback lies in the lower accuracy of analysis compared to the
use of pre-annotated corpora or tonal dictionaries in the target language. Additionally, it is noteworthy
that automatic translation presents a viable alternative for developing resources and tools for subjectivity
analysis in a new target language (Banea et al., 2008).

Thus, the result of the qualification study was the development of the SENTIALIZER web application
designed to perform multilingual Sentiment Analysis. In the course of the program’s operation, the text
received from the user is firstly translated into English, and then Sentiment Analysis is performed. The
Googletrans module was used for machine translation. Googletrans is a free Python library that supports
the Google Translate API. The library contains methods for translation and automatic source language
detection (https://py-googletrans.readthedocs.io/en/latest/)

Here is a code snippet to determine the language of the text entered by the user:
input data = request.form["user text"]

identified lang = translator.detect (input data)
identified lang = identified lang.lang

if identified lang == "en":
pass
else:
input list = tokenize.sent tokenize (input data)

input list translated = []

for message in input list:
message = translator.translate (message, dest="en")
message translated = message.text
input list translated.append(message translated)

Occurs:

1. Determination of the source language.

2. If the language is not English, two lists are created: one with sentences in the source language and
one in the target language (English).

3. Sentiment Analysis in English.

4, Create a list of Sentiment Analysis results.

Next, it is advisable to create a Python dictionary in which sentences in English are compared with the
corresponding sentences in the original language:

lang dictionary = dict(zip(input list translated, input list))
314
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To display the results on the screen, the obtained values are passed to the corresponding variables:

if identified lang != "en" or '':

self.most polar message = \

lang dictionary[self.most polar message]
self.least polar message = \

lang dictionary[self.least polar message]
self.most objective message = \

lang dictionary[self.most objective message]
self.most subjective message = \

lang dictionary[self.most subjective message]

Also, the SENTIALIZER web application has implemented the ability to visualize the results of
Sentiment Analysis by building pie charts. For this purpose, the Python libraries Pandas and Matplotlib
were used.

Testing

The web application was tested on materials in Ukrainian and German. The posts of Ukrainian-speaking
users on Twitter were analyzed at the request of Eurovision. It should be noted that the original text of
the posts was preserved for the purposes of the study. For convenience, the tweets were placed in an
Excel spreadsheet with the pseudonyms of the authors (see Figure 2):

Figure 2.
Structure of a File with Messages in Ukrainian

message

username message

Kpim nepemoru Kanyw 3pobunu Wwe ofHy Ayxe Bawnnsy pid. | BOHa, mabyTs,
BaM/MBILLA 33 nepemory. Liboro pory EepobaueHHa auennoca 6au3sbro 200
1 Twitter hellcat_stories MiNbAOHIB rNAZauie. 200 MiNbAOHIB NouyAK Npo A30BCTanb.

€spobauenHa Be3 pycHi — ue peneTuuia MainbyTHboro EBponu. Mo-mMoemy, ayxe
2 Twitter logvynenko Bano nposegeHa.

TiNIbKM YKPAIHLI MOF/IK MOAYMATH, WO iX AUCKBaNiDiKyOTb 3 eBpoDaUYeHHA, a NoTimM
3 Twitter karohsi nepemorTy y ubomy espobaueHHi.

T cTedaHia > HaPOMKYELL CMHA > BiH NuULe npo Tebe nicH > 77?7 > ua nicHAa
4 Twitter kohairii Burpac espobaueHHA 2022.

Cnoea npo Mapiynob Ta A30BCTanb Ha cueHi eBpoBaueHHA Le Haue AiicHICT
5 Twitter blessedvirgin_m npopuBaEe AKMIACH CUMYNAKP AIACHOCTI ANA NPUBINEHAOBAHUX.
3HaETE TaKka pPi3HWLA B MEHTaNiTeTi. BpUTaHLi paditoTb 33 Hac i 33 CBOE cpibno. A
3HAETE WO NULWYTb icnaHui? LLLo BOHM He BUrpany eBpo6GayeHHA, 38 MU HE BUTPAaEMO
6 Twitter darkprincess5_5  BiiHy. IcnaHui, WaiTe *****! A KatanoHii nepeaato npusit!
YKpaiHui: Tpeba surpatv EBpobaueHHa, ronoeHe, wWob YKpaiHy He
avckeanidikyeanu. Kanyw: epatyite Mapiynonb Ta 3axmcHuKiB AsoscTani!
YKpaiHui: ***** Ha EspobaueHHA, HaBiTb AKLLO AWCKBaNiPiKkyOTb, Kanyw ogHaKoBo
7 Twitter BChanAbs HaMKpaLMi.
A MuBY B KPaiHi, Ae noav 36upatoTsb 30 MAH rpH Ha BINJ1A 33 24 roguHw. e
€BpobaueHHA MOXHA NOAMBMTUCD B anui 3 @/1EKTPOHHUM NacropToM. 4e /041

The file analysis function in the SENTIALIZER web application is designed so that the unit of analysis
is the content of a message cell, not each sentence separately. The result of the analysis is the following:

Polarity: positive
Most Polar Sentence: 0.49

Ukrainians: we need to win Eurovision, the main thing is that Ukraine is not disqualified. Kalush: save
315
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Mariupol and the defenders of Azovstal! Even if disqualified, Kalush is still the best.

Least Polar Sentence: -0.3

You know such a difference in mentality. The British are happy for us and their silver. Do you know
what the Spaniards write? That they didn’t win Eurovision, and we won’t win the war. And I say hello
to Catalonia!

Most Objective Sentence: 0%

This year, Eurovision was watched by about 200 million viewers.

Most Subjective Sentence: 0%

I think it was very well done.

Figure 3 shows a web page with the results of tweet analysis with a Ukrainian-language interface.

Figure 3.

Results of the Analysis of Posts in Ukrainian
® Sentializer

PesynbTaTtk aHanis @ Jiarpamu
P

. . ' . o,
MonapHicTb: [No3nTrBHA PiBeHb cy6'ekTBHOCTI: 33%
] . . ~ . .
Hanbinbwa nonapHicrs: 0.39 HanmeHwa nonapHicte: -0.3
YkpaiHui: Tpeba Burpatv €spobauerHs, ronosHe, wob YkpaiHy He gucksanidikysand. 3HaeTe Taka pisHUUA B MeHTaniTeTi. BpuTaHL pagitoTs 3a Hac | 3a cBOE Cpibnio. A 3HacTe,
Kanyw: spatyite Mapiynons Ta saxucHuKiB ASOBCTaNi! HABITh AKLLO AVCKBANIDIKYHOTH, WO NWLWYTs icnaHui? Lo BOHM He BUrpanv eBpOBauEHHSA, @ MU HE BUTPAEMO BiliHY.
Kanyuw oaHakoBo Halikpalmii. lenanuy, Faite ***** A Katanowii nepeaato npusit!
] H 1 - NO ] ! H . 0,
Haiio6'ekTnBHiWe peueHHA: 0% Haiicy6'ekTnBHIWe peueHHA: 46%
Liporo poky EspobaueHHs ausunoca 6ansbko 200 MinsiioHis rsjadis. 200 MinbioHis Ykpainui: Tpeba Burpatn €spobauenHs, ronosHe, wob Ykpaiy He gucksanidikysanm.
nouynn Npo A3OBCTaNb. Kanyw: paTyiiTe Mapiynonb Ta 3axncHWUKIE A3OBCTaNI! HABITh AKIWLO AMCKBANIDIKYOTS,

Kanyw oaHakoBo Halikpalimii.

Figure 4 shows the diagrams created based on the results of the analysis.

Figure 4.
Diagrams Based on the Results of the Analysis of Posts in Ukrainian

objective
positive (0-25%)

mostly subjective
(50-75%)

subjective

neutral
(75-100%)

negative

mostly objective
(25-50%)
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To analyze the texts in German, we selected news from the Deutsche Welle website. The links to the
articles from Deutsche Welle and the results of the analysis of polarity and subjectivity for each of them
are shown in Table 1.

The results are predictable, because news text is characterized by an objective presentation of
information with a small amount of expressiveness.

However, not all of the test results were unambiguously correct. For example, a piece of text that
neutrally reported on the German banking system was rated by SENTIALIZER as positive, even with a
low level of subjectivity. The news about the earthquake was interpreted by the app as neutral, while in
the opinion of the developers, it had a negative polarity. In other words, SENTIALIZER, like other
Sentiment Analysis Tools, does not always demonstrate correctness of work, some results require
manual validation (Boukes et al., 2019). However, in most cases SENTIALIZER has demonstrated
reliable performance, and it has been placed on the Pythonanywhere hosting at
https://sentializer.pythonanywhere.com/.

Table 1.

Results of the Analysis of Web Pages from Deutsche Welle
Web page Polarity Subjectivity
Meinung: Russland fiir den Wiederaufbau der Ukraine zur Verantwortung ziehen
https://www.dw.com/de/meinung-russland-f%C3%BCr-den-wiederaufbau-der- Neutral 32%

ukraine-zur-verantwortung-ziehen/a-61841071
EU will Energieimporte aus Russland beenden

0,

https://www.dw.com/de/eu-will-energieimporte-aus-russland-beenden/a-61840988 Neutral 31%
Was ist ein Gefangenenaustausch?

X S Neutral 30%
https://www.dw.com/de/was-ist-ein-gefangenenaustausch/a-61830136
TikTok im Schutzkeller: Die Geschichte von Valeria Shashenok aus Tschernihiw Neutral 34%
https://www.dw.com/de/valeria-shashenok-tschernihiw-tiktok-lesereise/a-61767290 0
Mit regionaler Landwirtschaft gegen die Klimakrise
https://www.dw.com/de/mit-regionaler-landwirtschaft-gegen-die-klimakrise/a- Neutral 39%

61815088

Educational outcomes

Working on a project to create a digital tool for processing natural language texts makes it possible to
solve a number of educational problems:

- development of professional knowledge and skills necessary for solving certain tasks in the field of
computational linguistics;

- the development of professional knowledge and skills necessary for the effective use and creation of
digital technologies for NLP;

- the formation of a student's digital competence at the highest eighth level in accordance with Digcomp
2.2 (Vuorikari et al., 2022);

- the development of self-regulation, which is one of the components of success in university studies, as
well as in later continuing education (Schneider & Preckel, 2017); self-regulation involves abilities that
empower students to establish and strive for goals, make decisions, act independently, and reflect both
individually and collaboratively with others, realize environmental constraints and affordance (Sailer et
al., 2021), in this case of the development environment;

- development of Computer Thinking through programming (Romero et al., 2017; Tikva & Tambouris,
2021);

- modeling of linguistic and technological processes that enables the development of complex cognitive
skills (Chernikova et al., 2020);

- creating an authentic learning context (Barab et al., 2000), solving a practical task related to a
professional field;

- implementation of constructive learning and research activities using digital technologies;

- leveraging the power of technology to offer a quality experience;
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- fostering a positive attitude towards the creation and use of digital technologies.

This knowledge, skills, and attitudes are some of the main learning outcomes of the Applied Linguistics
program, and they are the basis for further learning and professional development in the digital
environment.

METHOD

After successful testing by the developers of the SENTIALIZER web application, the question arose of
the feasibility of its implementation in the educational process. For this purpose, a pilot training on
Sentiment Analysis was conducted using SENTIALIZER and two other web applications. In order to
arrive at a well-informed decision, it was imperative to assess students' perspectives regarding learning
Sentiment Analysis and its associated tools. Sailer et al. (2021) underscore attitudes toward digital
technology as a primary motivator for participation in learning endeavors related to digital tools. It was
also important to find out the students' readiness to work on improving SENTIALIZER. We conducted
a survey both before and after delving into the topic of Sentiment Analysis. The questionnaire was
developed using the technology UTAUT model.

The hypotheses of this study were developed on the basis of the UTAUT model.

Hypothesis 1: Performance expectancy positively affects students’ intentions to use Sentiment Analysis
Tools.

Hypothesis 2: Effect expectancy positively affects students’ intentions to use Sentiment Analysis Tools.
Hypothesis 3: Social influence positively affects students’ intentions to use Sentiment Analysis Tools.
Hypothesis 4: Facilitating conditions positively affect students’ use behaviors of actually using
Sentiment Analysis Tools.

Hypothesis 5: Students’ personal initiatives and characteristics are directed toward the use and
improvement of Sentiment Analysis Tools.

Hypothesis 6: Students’ behavioral intentions are directed to their readiness to use Sentiment Analysis
Tools in the future.

Participants

The pilot implementation involved 36 students of the 3rd and 4th years of bachelor's degree in Applied
Linguistics (15 students) and Translation (21 students). The age range of the participants was 18-22
years old. Ukrainian is the native language for all participants without exception. All participants are
also fluent in English and German (B2 Level). Some of them are learning Polish and Spanish at their
own request. At this point, the students completed the course "Programming for Linguists,” had
knowledge of the computer model in the context of programming and the principles of encoding
characters in various formats, and acquired skills in processing text data using Python, such as creating
frequency dictionaries, basic encryption, using files in programming, and using regular expressions to
search and replace data in text arrays. The students also gained user experience with such linguistic
computer programs as Trados RWS, Memoque. Through a preliminary survey, it was determined that
only two of the 36 students had previous experience with Sentiment Analysis.

Students were briefed on the voluntary nature of their involvement in the survey and the assurance of
anonymity regarding the responses gathered via questionnaires.

Pilot Implementation of Sentiment Analysis Tools in the Educational Process

Classes on Sentiment Analysis were integrated into the discipline "Programming for Linguists" for
students majoring in Applied Linguistics and into the discipline "Practice of Translation" for students
majoring in Translation. Meetings with the teacher were held online on the Google Classroom platform.
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The pilot implementation program included the following items:

1. discussion of the theoretical foundations of Sentiment Analysis;

2. familiarization with Sentiment Analysis Tools;

3. testing three Sentiment Analysis web applications and analyzing the results;

4. analysis of the SENTIALIZER project code; familiarization with the Beautiful Soup 4, TextBlob,
Googletrans libraries and the features of their use; development of software projects that involve
importing these libraries.

The students were offered to test and analyze the results:

MonkeyLearn (https://monkeylearn.com/sentiment-analysis-online/) offers a comprehensible and user-
friendly graphical interface, enabling users to generate custom text classification and extraction analysis
effortlessly.

text2data (https://text2data.com/text-analytics-platform ) is a text analytics solution that helps to analyze
content across various social media channels including Twitter and Facebook using NLP and machine
learning algorithms.

SENTIALIZER (https://sentializer.pythonanywhere.com/) — the multilingual text analysis tool
considered above.

The tasks for students to test web applications are given below.

Task 1. Task 1 is about testing texts in English. Students were asked to select fragments of texts of
different genres (scientific, fiction, colloquial, journalistic), determine their polarity and subjectivity
using the tools listed above. The data obtained were tabulated (Table 2), the results were compared, and
conclusions were drawn.

Table 2.
Template for Entering the Results of Task 1
Genre A fragment of the text Monkey Learn text2data SENTIALIZER

Polarity  Subjectivity Polarity Subjectivity Polarity Subjectivity

Task 2. Task 2 was devoted to testing texts in Ukrainian. Students were asked to select fragments of
texts of the same genres, determine their polarity and subjectivity using SENTIALIZER. To make their
own assessment of the polarity and subjectivity of the text and compare it with the results of the
SENTIALIZER program. Enter the data in the table (Table 3), compare the results, and draw
conclusions.

Task 3. Task 3 is about testing texts in any language. Students were asked to select fragments of texts
of different genres, determine their polarity and subjectivity using SENTIALIZER. Make their own
assessment of the polarity and subjectivity, compare it with the results of the SENTIALIZER program.
Enter the data in the table (Table 3), compare the results, and draw conclusions.

The test of Task 3 showed that students most often chose German and Polish for testing. One student
researched texts in Spanish and Italian.

Table 3.
Template for Entering the Results of Tasks 2 and 3
Genre A fragment of the text SENTIALIZER Subjective assessment
Polarity Subjectivity Polarity Subjectivity
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Data Collection and Data Analysis

To assess students’ perspectives regarding the integration of Sentiment Analysis into the educational
process, both pre- and post-use surveys were conducted, following the UTAUT model (Venkatesh et
al., 2003). Of the 36 students who participated in the pilot implementation, all agreed to take the survey
and answered both the pre- and post-use questionnaires.

UTAUT is a valid and robust model, vastly used to analyze technology acceptance in several domains,
including education (Raffaghelli et al., 2022). It consists of four constructs (i.e., effort expectancy,
performance expectancy, social factors, and facilitating conditions) and four moderating variables (i.e.,
age, gender, education, and voluntariness of use). In the current study, the survey is focused on the
practical relevance of Sentiment Analysis and students’ willingness to improve existing tools. Therefore,
it was decided to use the four constructs mentioned above, and to choose personal initiative and intention
as moderating variables (Gao et al., 2011; Hsu, 2012). All questionnaire items were measured using a
5-point Likert-type scale including 1 — Strongly disagree, 2 — Disagree, 3 — Neither agree nor disagree,
4 — Agree, 5 — Strongly agree (Joshi et al., 2015).

In total, the Pre-usage Survey contained 17 questions: 11 questions are based on the UTAUT model,
three questions are about personal initiatives and characteristics to determine student acceptance of new
technology, and one question is about behavioral intentions. The questionnaire was supplemented with
questions about the student’s specialty and previous experience with Sentiment Analysis Tools. T The
Post-usage Survey included identical questions, except for the one pertaining to previous experience.
Table 4 displays the pre-post usage UTAUT questions utilized in the survey.

Table 4.
Constructs and Items
Constructs Items
Performance Expectancy 1. Using the Sentiment Analysis Tools is useful for my learning
(PE) 2. Using the Sentiment Analysis Tools increases my employment opportunities
3. Using coding techniques increases my employment opportunities.
Effort Expectancy (EE) 1. My interaction with the Sentiment Analysis Tools would be clear and

understandable.
2. 1 would find the Sentiment Analysis Tools easy to use.

Social Influence (SI) 1. People who influence my behavior would think that | should use the
Sentiment Analysis Tools to be more competitive
2. People who are important to me would think that | should use the Sentiment
Analysis Tools to be more competitive
3. The people that are in my social circle would think that | should use the
Sentiment Analysis Tools to be more competitive.

Facilitating Conditions (FC) 1. I have the resources necessary to use the Sentiment Analysis Tools.
2. | have the knowledge necessary to use the Sentiment Analysis Tools.
3. If I have problems using Sentiment Analysis Tools, I could solve them very

quickly.
Personal Initiatives and 1. Using the Sentiment Analysis Tools give me an advantage over those who
Characteristics (PIC) don’t.

2. 1 would like the Sentiment Analysis Tools to develop and improve.
3. | could take part in a project to develop and improve the Sentiment Analysis
Tools.

Behavioral Intention (BI) 1. I am willing to use the Sentiment Analysis Tools in the future.

The questionnaire was posted on the university’s LimeSurvey platform.
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RESULTS

The reliability was analyzed through the Cronbach Alpha. The overall coefficient for the test is .897,
and the values for each construct are shown in Table 5.

Table 5.
Reliability of Research Constructs
Cronbach Alpha

Performance Expectancy .803
Effort Expectancy .649
Social Influence .897
Facilitating Conditions .830
Personal Initiatives and Characteristics. Behavioral intention 811

The validity of the test was assessed by Pearson correlation analysis. Table 6 shows the correlation for
the variables included in the measurement model. The names of the constructs with the x index indicate
their values before using Sentiment Analyzes Tools, and with the y index - after using them.

Table 6.
Correlation of Research Constructs
PEx EEx SIx FCx PICx BIx PEy EEy Sly FCy PICy Bly
PEx 1
EEx .684 1
SlIx .687 579 1
FCx .620 .758 563 1
PICx .813 .600 .770 .374 1
BlIx 933 .794 618 511 .830 1
PEy 566 .314 .298 .321 .255 297 1
EEy .487 590 .577 529 .398 481 .536 1
Sly 343 515 597 345 229 217 .631 .563 1
FCy .401 .280 .323 .558 -.323 .288 .400 .856 .220 1
PICy 597 .458 .324 .321 541 .248 611 .340 .377 .293 1
Bly .890 .758 .654 411 944 931 .311 .607 .381 .321 530 1

Pre-Usage

Post-Usage

The correlation coefficients for all pairs of constructs for the pre- and post-survey are positive. Negative
correlation is observed between two constructs from the pre-survey and post-survey: PICx is negatively
correlated with FCy.

Taking into account the need to compare the results of the pre- and post-survey, Student’s t-test was
used for a significance level of .05 and a critical T = 2.03. For all scales, there are differences before
and after using Sentiment Analyzes tools, with the confirmation effect observed for the PE, EEX, SIXx,
FCx, BI constructs and the disconfirmation effect for the PIC construct, as shown in Table 7.

Table 7.
The Results of the Statistical Analysis
Personal
Performance Effort Social Facilitating  Initiativesand  Behavioral
Constructs Expectancy Expectancy Influence  Conditions  Characteristics intention
t-test -0.78 -2.83 -1.26 -3.15 1.29 -4.84
p-value 439 .008 218 .003 .206 <.001

As can be seen from the data, students generally agreed with the usefulness of Sentiment Analysis Tools,
saw prospects for their use in the future, but were not ready for further improvement. To confirm this
assumption, an additional analysis of each survey item was conducted for the constructs Facilitating
Conditions, Personal Initiatives and Characteristics (with the highest t-test value), Behavioral intention
(with a negative t-test value).
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The number of students who gave 4 and 5 points for Facilitating Conditions increased for the post-
survey (Table 8). For FC2, the increase was 36.1%.

Table 8.
Facilitating Conditions (FC)
Neither
i . Strongly agree nor Strongly
Questionnaire ltem disagree  Disagree  disagree  Agree agree
1 2 3 4 5
FC1: | have the resources necessary to 0 7 11 18 0
o usethe Sentiment Analysis Tools 0.0% 19.4% 30.6% 50.0% 0.0%
g FC2: | have the knowledge necessary to 2 8 16 9 1
D use the Sentiment Analysis Tools 5.6% 22.2% 44.4% 25.0% 2.8%
g FC3: If I have problems using Sentiment 0 5 17 12 2
Analysis Tools. | could solve them very 0.0% 13.9% 47.2% 33.3% 5.6%
quickly
FC1: | have the resources necessary to 1 0 8 22 5
o  Uuse the Sentiment Analysis Tools 2.8% 0.0% 22.2% 61.1% 13.9%
§ FC2: | have the knowledge necessary to 0 1 7 22 6
= use the Sentiment Analysis Tools 0.0% 2.8% 19.4% 61.1% 16.7%
2 FC3: If | have problems using Sentiment 1 3 13 14 5
8- Analysis Tools. | could solve them very 2.8% 8.3% 36.1% 38.9% 13.9%
quickly

Students made sure that they had the necessary knowledge and resources to use Sentiment Analysis
Tools (see Figure 5).

Figure 5.
Facilitating Conditions Scaling Results
Pre-usage Post-usage
24 24 |
]
204 201 )
16 16
12 12
81 81 4
4 4
\ \/
0 7 T T T 2 0 T 7 T T T
0 1 2 3 4 5 0 1 2 3 4 5
-&- FC1 FC2 —&— FC3

Table 9 provides a clear picture of the change in students’ personal initiatives and characteristics before
and after using Sentiment Analysis Tools. For the post-survey, the number of students who gave 4 and
5 points for PIC1 and PIC2 increased by 19.4% and 5.6% respectively, but decreased by 13.9% for
PIC3. We have seen an 11.1% increase in the number of students who scored 1 and 2 for PIC3.
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Table 9.
Personal Initiatives and Characteristics (PIC)
Neither
. i Strongly agree nor Strongly
Questionnaire ltem disagree  Disagree  disagree  Agree  agree
1 2 3 4 5
PIC1: Using the Sentiment Analysis 2 5 14 12 3
Tools give me an advantage over those 5.6% 13.9% 38.9% 33.3% 8.3%
g, whodon’t
% PIC2: | would like the Sentiment 0 1 16 16 3
4, Analysis Tools to develop and improve 0.0% 2.8% 44.4% 44.4% 8.3%
&  PIC3: | could take part in a project to 1 9 17 9 0
develop and improve the Sentiment 2.8% 25.0% 47.2% 25.0% 0.0%
Analysis Tools
PIC1: Using the Sentiment Analysis 0 5 9 20 2
Tools give me an advantage over those 0.0% 13.9% 25.0% 55.6% 5.6%
§> who don’t
£ PIC2: 1 would like the Sentiment 0 3 12 19 2
+  Analysis Tools to develop and improve 0.0% 8.3% 33.3% 52.8% 5.6%
& PIC3: I could take part in a project to 1 13 18 4 0
develop and improve the Sentiment 2.8% 36.1% 50.0% 11.1% 0.0%

Analysis Tools

Students see the need and prospects for using Sentiment Analysis Tools, want them to improve, but do
not want to be personally involved in projects to develop and improve them (see Figure 6).

Figure 6.
Personal Initiatives and Characteristics Scaling Results
Pre-usage Post-usage
24+ 24 4
20+ 201
16 1 16
12 4 12 4
8 8
4 4
0 T T T T } 0
0 1 2 3 4 5 0
-8 PIC1 PIC2 —&— PiC3

Table 10 shows the students’ opinion about their readiness to use Sentiment Analysis Tools in the future.
For the post-survey, the number of students who gave 4 and 5 points for BI1 increased by 25.0% in total.
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Table 10.
Behavioral Intention (BI)
Neither
. . Strongly agree nor Strongly
Questionnaire ltem disagree  Disagree  disagree Agree agree
1 2 3 4 5
BI1: I am willing to use the Sentiment
&, Analysis Tools in the future 1 > 13 14 3
g
&) 2.8% 13.9% 36.1% 38.9% 8.3%
BI1: I am willing to use the Sentiment
& Analysis Tools in the future 0 1 9 19 7
g
2 0.0% 2.8% 250%  52.8%  19.4%

The vast majority of students (72.2%) believe that they are ready to use Sentiment Analysis Tools,
giving 4 and 5 points (see Figure 7).

Figure 7.
Behavioral Intention Scaling Results
Pre-usage Post-usage
24 4 24
204 207
16 16
12 12 4
8 8
4 4
0 T T T T T 0 y T T T T
0 1 2 3 4 5 0 1 2 3 4 5
-¢- Bl

The findings indicate that Performance Expectancy, Effort Expectancy, Social Influence, and
Facilitating Conditions positively influence students' intentions to utilize Sentiment Analysis Tools.
Students’ behavioral intentions are directed to the readiness to use Sentiment Analysis Tools in the
future. Personal initiatives and student characteristics are predictive of the use of these tools, but not of
their improvement (Table 11).

Table 11.
The Confirmation of Hypotheses
Hypotheses Confirmed
H1: Performance expectancy positively affects students’ intentions to use Sentiment Analysis Yes
Tools
H2: Effect expectancy positively affects students’ intentions to use Sentiment Analysis Tools Yes
H3: Social influence positively affects students’ intentions to use Sentiment Analysis Tools Yes
H4: Facilitating conditions of web-tools positively affects students’ use behaviors of actually Yes
using Sentiment Analysis Tools
H5: Personal initiative and students’ characteristics in Sentiment Analysis Tools usage and Partially
improvements
H6: Students’ behavior and intentions in future Sentiment Analysis Tools usage Yes
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DISCUSSIONS AND CONCLUSIONS

This study presents the peculiarities of creating and using Sentiment Analysis Tools that contribute to
the modernization of linguistic education. According to the literature, the use of digital technologies by
university students in academic activities has a positive impact on the learning process, develops digital
skills, provides a positive change in prospective critical and creative thinking, activates learning and
cognitive activities, and meets learning expectations (Ben Youssef et al, 2015; Bond et al., 2018;
Halloran & Friday, 2018; Mancillas & Brusoe, 2016; Pinto & Leite, 2020; Yilmaz, 2021), enables the
transition to a digital university model (Fernandez et al, 2023), promotes foreign language learning
(Gedik Bal, 2024; Kanoksilapatham, 2022), promotes students' acquisition in linguistics (Zhang, 2021),
and provides an opportunity to understand the methods and tools of computer linguistics (Darmoroz,
2017).

The results of the study show that the creation of NLP tools is a promising topic for student research
projects, and the Python programming language and its libraries NLTK, BS4, TextBlob, Googletrans
are effective tools for their implementation (Gujjar & Kumar, 2021; Gupta et al., 2017; Hajba, 2018;
Kumar et al., 2020; Mertz, 2004; Rathee et al., 2018; Saura et al., 2019; Sinnott et al, 2016).

The SENTIALIZER web application presented in this article is a multilingual Sentiment Analysis Tool
with the ability to visualize results in the form of pie charts. Working on such a project makes it possible
to give the student's educational and research activities a constructive character and achieve significant
educational outcomes, the most significant of which are: the development of professional knowledge
and skills, the formation of a student's digital competence at the highest level (Vuorikari et al., 2022),
the development of computational thinking (Romero et al., 2017; Tikva & Tambouris, 2021), modeling
linguistic and technological processes, solving a practical problem related to a professional field.

Tikva and Tambouris (2021) describe programming as an ideal medium for the development of
computer thinking and 21st century skills in general. The creation of SENTIALIZER involved not only
writing code, but also analyzing the situation, identifying its key components, modeling data and
processes, which leads to the development of computational thinking (Romero et al., 2017).

The UTAUT model proved to be relevant for determining students' acceptance of digital technology.
Overall, students found Sentiment Analysis Tools useful for learning and developing their professional
skills. The survey shows that they agree that Sentiment Analysis Tools will help them to increase their
own productivity and provide more job opportunities. This finding is consistent with previous studies
that argue that engaging students in ICT use increases their digital competencies (Ben Youssef et al,
2015; Bond et al., 2018; Halloran & Friday, 2018; Pinto & Leite, 2020; Salloum & Shaalan, 2019), has
a positive impact on academic performance (Mancillas & Brusoe, 2016; Pinto & Leite, 2020), and
prepares them to enter the labor market (Ben Youssef et al., 2015; Bond et al., 2018).

Students admitted that their interactions with Sentiment Analysis Tools were clear and understandable,
which positively influenced their adoption of the technology. Aliafio et al. (2019) and Bouznif (2018)
argue that performance expectancy, as well as effort expectancy, had a direct and important impact on
their inclination to use digital technologies. However, Aliafio et al. (2019) note that the digital
environment is a natural space for the youth, and they associate task difficulty not with the use of digital
technology, but with the type of task that must be developed during the learning process. Therefore,
researchers believe that in the near future the inclusion of this variable in the research model will no
longer be valid.

Social influence is a key construct of the UTAUT model (Venkatesh et al., 2003). In our study, as well
as in the study by Salloum and Shaalan (2019), social influence was defined as a factor of behavioral
intention to use digital technology. However, in Bouznif (2018) and Romero-Rodriguez et al. (2020),
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this construct is defined as having only a negligible effect on behavioral intention. Lehmann et al. (2023)
argue that in the case of social influence, the findings of the previous research are fairly inconsistent.

As for the facilitating conditions, it was observed that the students consider themselves equipped with
the necessary knowledge and resources to use Sentiment Analysis Tools. To a certain extent, they rely
on quick help from the teacher or technical support. Such results echo the findings of studies conducted
by Aliafio et al. (2019), Lehmann et al. (2023), Salloum and Shaalan (2019), which emphasize the strong
direct effect of facilitating conditions on students' satisfaction with.

The students expressed their readiness to use Sentiment Analysis Tools in the future. The analysis of
students' feedback showed that working with SENTIALIZER and other Sentiment Analysis Tools
increases their motivation, makes the learning process more interesting as they are faced with acquiring
new knowledge and using new technologies. These results come close to those obtained in studies
conducted by Aliafo et al. (2019), Lehmann et al. (2023).

The negative change in personal initiatives was unexpected. Students recognized the benefits of
knowing how to use Sentiment Analysis Tools and expressed a desire for these tools to be developed
and improved. However, they were not ready to put in the effort and personally participate in projects
to develop and improve Sentiment Analysis Tools, and they demonstrated this unwillingness in the post-
survey. The literature describes cases where students are disappointed in the use of digital technology
in whole or in part. For example, Raffaghelli et al. (2022) highlights the disconfirmation effect between
the overall acceptance of early warning system in Higher Education in the pre- and post-use stages. The
researchers explain this result by the phenomenon of unconfirmed high expectations and warn against
the unreasonable introduction of artificial intelligence systems into the educational process.

In our case, the negative attitude of students to the work on the development and improvement of
Sentiment Analysis Tools can be explained by the difficulties they encountered at the stage of
familiarization with the Python language tools for creating applications, parsing and writing program
code. Students' problems in learning programming have been the subject of research for a long time
(Kiesler & Pfiilb, 2023; Ozmen & Altun, 2014; Sobral, 2021). We believe that the problems that caused
students to react negatively were: 1) the transition from structural to object-oriented programming; 2)
the need to install a certain number of additional libraries; 3) the unusual format of working with the
Flask framework; 4) the need to develop code for the Frontend and Backend simultaneously. These
problems are consistent with those highlighted in Sobral (2021).

Despite some negative results, the authors believe that it is worthwhile for future linguists to study
Sentiment Analysis. They are encouraged by the positive feedback from students on the use of
SENTIALIZER, such as "In general, our views on the text coincided, there were no contradictions,
which | think is a good result,” "SENTIALIZER did a good job with the Ukrainian language, it is
interesting that in the scientific style column there is my own translation of a scientific and journalistic
article and that SENTIALIZER evaluated the English and Ukrainian text almost identically,” "The site
was able to recognize a humorous message."

Concerning the limitations of this study, it should be noted that there was only one attempt to implement
Sentiment Analysis Tools in the educational process, and the sample size was small. Also, the results
are not easily generalizable to the implementation of other digital technologies in linguistic education.
Therefore, it would be desirable to repeat the implementation of Sentiment Analysis Tools in different
courses with a larger sample size, so that we can study students' acceptance of this digital technology
and their intentions for its use in a more in-depth way. Prospects for further research are seen in
improving SENTIALIZER using Lexicon Based Approach or / and Machine Learning Approach
(Nandwani & Verma, 2021; Wankhade et al, 2022). The lexical approach can be implemented using the
SentiStrength program, which is available as a Python package and has a lexicon of 1125 words and
1364-word stems, each with a score for positive or negative sentiment. The development and
implementation of other digital NLP tools in the educational process is also of interest.
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It is fair to say that, despite its limitations, this study adds to the body of work on the results of the
introduction of digital technologies in higher education. It has a clear focus on student learning
outcomes, which is an important criterion for the successful integration of technology into the
educational process. This paper also validates the UTAUT model, which has proven to be reliable for
applied research on student adoption of new digital technologies.
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