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AHoTanis. Y cTaTTi AOCHIIKY€ETbCSA BUKOPHCTAHHSA CYYaCHHX MOJIENIEH IITyYHOTO 1HTENEKTY
JUIE KOHTEHTHOT'O aHaNi3y IMOTEHI[IHOTO TYPHUCTHYHOTO IOMHTY B YMOBaX IJI00aIbHOT HUPPOBOT
TpaHchopMmallii Ta HEOOXiJHOCTI CTPATEriyHOrO BiTHOBJICHHS TYPHCTHUYHOI Tamy3i YKpaiHu;
aHaJi3yeThCsl MPOLIEC BU3HAYEHHs 3aBAaHb MOHITOPHHTY BiIKPUTHUX BeOpecypciB i (opmyBaHHS
BUMOT JI0 ONTHMAaJbHUX BEJIUKHX MOBHHX MOJCJICH Ha OCHOBI METOIB MOHOTpaghiyHOIro aHaizy,
CHHTE3y Ta MOJICIIIOBaHHS IMPOIICCIB y3arallbHEHHSI HEYNMOPSAKOBaHUX NHU(MPOBUX maHuX. OIHUM i3
KJIIOUOBHX pE3YJIbTaTiB € eKclepuMeHTanbHe MopiBHAHHSA ekcTpakTuBHUX (BERT, SBERT) Ta
aocrpaktuBHuX (GPT, BART, TS5, Pegasus) momenei, sike moseno, mo monenb BART 3a0esmeuye
HaO1IbII 30alaHCOBaHEe TOEHAHHS KOHTEKCTYalIbHOTO PO3YMIHHS Ta T€HEPATUBHOI IIABHOCTI, TOJI
SK 1HII MOJEN MOXYTh BHKPUBISITH peallbHI HACTPOI ayAWTOpii Yepe3 HaaMIpHY aKIeHTYallif0 Ha
OKpeMHX Trpynax a0o TeHepaliio HeicHyloumx imed. Hamano neTampHUil OmmMcC TEXHOJIOTiYHOI
TIOCHTITIOBHOCTI JTOCHIJKEHHS BiATYKIB — Bij 300py AaHux 3a gonomoroio YouTube Data API Ta
METOJIIB BEOCKpAITIHTY JI0 TOKEHi3allil, JIeMaTh3allii Ta 3aCTOCYBaHHS NPEIUKTUBHOI aHAJITUKU JJIS
po3mi3HaBaHHA TIOACHKUX adeKTiB y Mexax koumeriii "affective computing”. HaykoBa HOBU3Ha
moJsirae B OOTPYHTYBaHHI CIICIai30BaHO! JOCTIMHUIBKOI iHQPACTPYKTYpH IJsl CTPATErigHOTO
yOpaBliHHS B TypU3Mi, IO IHTETpye KOPHUTYIOYl BY3IIM Y BHUIJISI €KCIIEPTiB-aHATITHKIB, SKi
3MIACHIOITh Bepu(iKamifo pe3yiabTaTiB pPOOOTH MAIIMHHUX alTOPUTMIB IS TIiABHIIECHHS
JIOCTOBIPHOCTI MOHITOPUHTY PUHKY Ta ileHTH}iKaIli TIOpUIHUX 3arpo3 B iH(GOpMaIifHOMY IPOCTOPI.
[lpakTM4Ha 3HAYYIIICTH JOCTI/DKCHHS BU3HAYAETHCS MOKIMBICTIO TpaHcdopMalii —sSKiCHHX
CHOXMBYMX YNOAOOaHb Y KIUIBKICHI apryMeHTH JUIsi CTpPaTeriuHOr0 IUIaHyBaHHS peKpeariitHol
iH(ppacTpyKTypH Ta peOpEeHINHTY HaIliOHATHHOTO TYPUCTHYHOTO MPOIYKTY Ha OCHOBI iH(hopmariiHol
HiATPUMKH 3 OOKY JIepKaBHUX 1 MPUBATHUX 1HCTUTYIIH. 3alpOMOHOBAHMN MiAXil, 1m0 0a3yeThcs Ha
BUKOPUCTAaHHI JTOCTYNMHHX Oi0IiOTeK 3 BIIKPUTUM KOJOM, 3a0e3medye MaluM Ta CepelHiM
HiAPUEMCTBAM MOXKJIMBICTh BIPOBAKEHHS 1HTEJIEKTYaJIbHUX CHCTEM aHaNi3y PUHKY, IO BUXOMAATH
3a MEXI1 TpaAnuLiIiHOro MapKeTHHTY i JO3BOJISAIOTh IPOAKTUBHO YNPABIATH TYPUCTHYHUMH IOTOKAMHU
B yMOBax TpaHCcQopmamii riodajbHOI €KOHOMIKHM, a Ha PiBHI JIepXaBH — 3amo0iraTd BIUIUBY
TIOpPHUIHUX 3arpo3.

Ku1104oBi cJ10Ba: mMTYyYHAUH IHTENEKT, KOHTEHTHUH aHalli3, TYPUCTUIHHMA MOMHUT, BETMKI MOBHI
mogeni (LLM), anami3 HacTpoiB, MOHITOPHMHI TOTped CIIOKUBAuiB, CTpaTeriyHe yMOpaBIiHHSI B
TYPH3MI.
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Abstract. This article examines the use of modern artificial intelligence (Al) models for content
analysis of potential tourism demand in the context of global digital transformation, and the need to
revitalise Ukraine’s tourism sector strategically. It analyses the process of defining tasks for
monitoring open web resources, and of formulating requirements for optimal large language models.
This is based on monographic analysis and the synthesis and modelling of processes for generalising
unstructured digital data. A key finding is the experimental comparison of extractive (BERT and
SBERT) and abstractive (GPT, BART, T5 and Pegasus) models. This demonstrated that the BART
model provides the most balanced combination of contextual understanding and generative fluency.
Other models may, however, distort the audience’s actual sentiments due to an excessive focus on
specific groups or the generation of non-existent ideas. The technological workflow for analysing
reviews is described in detail, from data collection using the YouTube Data APl and web scraping
methods, to tokenisation and lemmatisation, and the application of predictive analytics to recognise
human emotions within the framework of "affective computing”. The scientific novelty lies in
justifying a specialised research infrastructure for strategic management in tourism that integrates
corrective nodes in the form of expert analysts who verify the results of machine algorithms, thereby
enhancing the reliability of market monitoring and identification of hybrid threats in the information
space. The research's practical significance lies in its ability to transform qualitative consumer
preferences into quantitative arguments for the strategic planning of recreational infrastructure and the
rebranding of the national tourism product, based on information support from public and private
institutions. The proposed approach, which is based on the use of open-source libraries that are readily
available, enables small and medium-sized enterprises to implement intelligent market analysis
systems that go beyond the scope of traditional marketing. These systems allow for the proactive
management of tourist flows amidst the transformation of the global economy. At the state level, they
enable the prevention of the impact of hybrid threats.

Key words: Artificial intelligence, content analysis, tourism demand, large language models
(LLMs), sentiment analysis, monitoring consumer demands, strategic management in tourism.

Introduction. When developing a new digital product, it is necessary to consider not
only the technological requirements but also data security, privacy, and the psychological,
emotional, and social impact the product will have on individual users and society as a whole.
Ukrainian society is currently facing an increased threat from hybrid attacks and
disinformation in the digital environment; therefore, developers of digital products must
implement effective methods to protect personal data and prevent their products from being
used for illegal purposes, which unfortunately occurs on a massive scale on social media.

The latest internet infrastructure envisages a transition to almost complete
decentralisation of data at all levels of storage and management. New models, ranging from
fully centralised to fully decentralised, challenge traditional organisational and infrastructure
management structures and the transfer of expertise. However, sectoral management lacks
coordinated state strategies for monitoring consumer sentiment, and does not fully understand
the sequence of stages and hierarchy of process integration. This research is relevant because
of the need to revive Ukraine’s tourism sector, which under martial law focuses primarily on
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digital services. Before embarking on sentiment analysis, which is already used by
multinational companies based on global big data, Ukrainian experts must define the
information infrastructure and ensure coordination between different expert groups. Hybrid
interfaces may be used, incorporating elements of sentiment analysis in the initial stage of
semantic analysis, or models specifically designed to analyse visitors’ emotions may be
selected (as will be evident from the examples given below, different categories of Al models
place varying degrees of emphasis on the presence of emotions in the text of primary
sources).

The issue of using artificial intelligence in the tourism sector is a very popular topic in
academic publications; most researchers view it as a multifaceted process that most often
encompasses marketing, customer service and operational management. Antczak B. et al. [1]
argue that the integration of Al into marketing strategies is revolutionising the sector through
the use of chatbots, virtual assistants and recommendation systems, which provide a
personalised experience, thereby increasing customer satisfaction and loyalty. A similar
approach is proposed by Dyduch W. and Brzozowska A. [2], who state that to improve the
efficiency and competitiveness of businesses, the "SmartTour" model should be utilised,
which involves process automation, personalised offers and in-depth data analysis using
machine learning. Katsanakis I. et al. [3] note that Al technologies, in particular predictive
analytics, enable tourism companies to forecast demand, dynamically adjust prices and
identify new growth opportunities.

Particular attention is paid in the publications to direct interaction with tourists and
content creation. Zhang M. et al. [4] believe that the emergence of virtual influencers and
streamers created using generative Al (GenAl) opens up new marketing opportunities for
engaging younger audiences and promoting cultural destinations. Seyfi S. et al. [5] note that
when implementing GenAl for travel planning, it is important for companies to take tourists’
personality traits (the "Big Five" model) into account, offering adaptive interfaces and trial
programmes to overcome barriers to adoption. Stili¢ A. et al. [6] investigated Al-generated
travel itineraries (AITI) and are confident that they are an effective tool to assist travel agents,
as they enable the rapid creation of basic plans, which specialists can then refine to ensure
uniqueness and cultural appropriateness.

Researchers also highlight ethical considerations and user trust. Koo I. et al. [7]
emphasise that ethical practices in the use of Al, such as algorithmic transparency and the
protection of personal data, are critical to building trust, which directly influences tourists’
willingness to adopt new technologies. Lépez-Naranjo A. L. et al. [8] note that Al can
optimise risk management by helping to identify potential threats, ranging from weather
conditions to socio-political changes, enabling companies to take proactive measures to
ensure tourists’ safety.

At the same time, the researchers call for a balanced approach, where technology
complements rather than completely replaces human involvement. Hall C. M. and Cooper C.
[9] note that, despite rapid automation and the introduction of service robots, tourism remains
a sector based on human interaction and empathy; it is therefore important to preserve the
human touch in the tourist experience. Thus, the authors of these publications emphasise, in
one way or another, the idea that the future of tourism depends on the harmonious
combination of Al’s analytical capabilities with human experience and ethical standards. On
the other hand, most researchers focus on the behaviour of the end consumer of tourism
services and, more generally, on society’s perception of innovations influenced by Al, but do
not provide recommendations on how recreational infrastructure might be transformed —
including the monitoring of the tourism market for government bodies regulating tourism, nor
do they emphasise the need to incorporate the relevant information space — where travellers
gain knowledge about tourism resources and exchange experiences — into the market research
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methodologies of tourism companies. This is extremely important today, as active internet
users are increasingly planning their trips using Al technologies, which in turn draw largely
on an unstructured pool of information. Consequently, issues relating to traveller safety are of
particular relevance, not only in terms of personal data protection but also regarding the
security and reliability of the information that forms the content basis of Al models.

Task statement. The aim of the study is to identify the main tasks involved in
analysing open-access resources containing data on enquiries from consumers of tourism
services, and the requirements for language models based on artificial intelligence
technologies that are optimal for specific expert monitoring tasks. The study utilised methods
of monographic analysis — to review publications on the subject of the article; synthesis — to
propose a procedure for content assessment; and modelling — to select the optimal large
language model based on the generalisation of comments. The scientific novelty lies in
justifying the transformation of the state regulatory system for tourism activities by shifting
from fragmented consumer behaviour analysis to comprehensive strategic monitoring of
sentiment within unstructured information pools using large language models. This enables
institutions responsible for tourism development — which indirectly influence major tourism
companies — to adapt recreational infrastructure to actual demand and forecast the stages of
the sector's recovery under martial law in Ukraine.

Results. Content creators are keen to increase user loyalty and retain existing
subscribers and visitors, as well as attract new ones. To this end, they utilise technologies that
track consumer behaviour on their platforms and process the information (including sensitive
personal data) that consumers provide. Such technologies have long been used by various
services and applications, with even the most popular search engines offering results based on
stored browsing history and preferences. Users can turn off this feature — for instance, by
blocking cookies — but internet users generally do not consider where their device and search
history information is sent, particularly as not everyone possesses sufficient digital literacy.

However, it is precisely the ability to collect and process de-identified data that forms
the basis of big data processing technology. If strict restrictions are imposed, the resource
owner will receive inaccurate, incomplete and fragmentary information, which will reduce the
quality of the services offered. Hotel owners, for example, may find that data on guests’
preferences, taken from personal forms completed upon check-in and post-stay reviews, is
sufficient. However, transport and leisure service providers require data on traveller flows,
their average profiles, preferences regarding various leisure activities and the criteria used to
choose destinations for short and long-term stays. Even the most basic profile requires more
than standard questionnaire data; results of at least a semantic analysis of search queries
related not only to travel are required. In many countries, local legislation does not require
guests to verify their identity with a passport or equivalent document upon check-in.
Consequently, informal surveys and extracts from booking system records are often the only
source of information about guests, provided these are available, and the hotel is connected to
such a platform. Social media is invaluable for obtaining personalised analytics, but many
users have multiple profiles, some of which may be private. Not all travellers are willing to
share their account details with every service provider they come into contact with, even if it
is only for one or two days. This problem arises not only for owners of hotels and other tourist
facilities, where at least some information can be obtained during a face-to-face meeting, but
also for providers of purely digital services, such as virtual tours, websites, and apps offering
infotainment content, particularly if the consumer accesses the page via a desktop computer.
In such cases, the most reliable information that can be obtained without breaching privacy is
the technical specifications of the devices used and the geographical location of the node from
which the request originated (i.e. where the consumer was located), as determined by the IP
address. Again, this assumes that the virtual tourist has not enabled a VPN.
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Research into emotions in the digital environment also utilises artificial intelligence, for
example methods for extracting emotions from text messages (sentiment analysis), which are
integrated into large language models (LLMs). This field is known as 'affective computing' —
the study and development of systems and devices capable of recognising, interpreting,
processing and simulating human emotions (from the Latin ‘'affectus’ meaning passion or
emotional agitation). These are understood to be strong, relatively short-lived emotional
processes during which the degree of self-control is reduced. In other words, when a
consumer is 'in a state of affect' — under the influence of one of the basic emotions — they
unconsciously assess the situation subjectively and, depending on their level of self-control,
may immediately take the action the marketer is counting on. The method of incorporating
emotion into the sales process has indeed been used successfully in advertising for many
years and is considered indispensable regardless of technological or societal development.

Most emotionally balanced people are happy to leave positive reviews of tourist
services if they have the time; however, if they did not like something but it is not a major
issue, they usually leave an impersonal, neutral review or do not respond at all. In such cases,
both the visitor and the service provider retain a positive impression of one another. However,
the service provider may not realise that the customer was dissatisfied, and will not know
which aspect of the product needs improvement. It is quite likely that rectifying the element
that annoyed the tourist would require minimal effort. Tourists often leave comments about
past trips and future preferences later than expected, or in places that service providers do not
anticipate. Furthermore, relatively few tourists return to the same destination where they have
previously holidayed, particularly young people — they tend to try visiting different countries
or even continents with every holiday to diversify their experiences. Therefore, all tourism
service providers and producers must be proactive in creating destinations and generating
digital content while understanding the sentiments and expectations of potential visitors
regarding how they spend their leisure time. Consequently, analysing social media and forums
where travellers leave comments and share experiences should begin at the product
development stage. While the decentralisation of the tourism market towards spontaneous
individual travel and sporadic booking of package holiday components makes it difficult to
identify target segments for analysis, this chaos and abundance of personal post content
provides a resource for meaningful semantic analysis. Even if bots generate most reviews and
are negative (a common modern tool of competitive warfare), text analysis can identify
fundamental trends — the most relevant statements and topics for visitors to a given resource
and the issues that currently resonate with people on a specific topic. In free-form comments
on platforms not associated with official service provider or tourist attraction channels,
travellers tend to express their opinions more openly. For example, if tourists generally
enjoyed their stay at a hotel but were extremely dissatisfied with the location's other leisure
facilities, they are unlikely to mention these issues in their hotel reviews. This does happen,
but rarely, as people generally try to respond more quickly to 'official’ enquiries, even if they
enjoyed the service. The downside of automated responses to questionnaires with closed
questions and perhaps a final open-ended question is that travellers will answer concisely,
whilst hotel owners are not particularly interested in how establishments that are not direct
competitors operate. If a city has several museums that are not particularly well known,
meaning tourists do not choose the city solely to visit them, a hotel owner will be more
interested in entertainment infrastructure and transport links within walking distance, as a
transfer from the airport to the hotel can be a key competitive advantage. However, tourists
who join discussions about particular events in the country's cultural life or seemingly
unrelated topics on local museum pages may provide ideas for rebranding tourist destinations
in that country or highlight issues that are important to tourists from other countries but not to
residents, such as duplication of information on street signs in different languages or
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suggestions to expand payment methods for digital services beyond just tourist-related ones.
The process of managing user data consists of the following stages. For new visitors to

the resource, it is linear; however, for an existing database, some components may be

rearranged depending on the purpose of the query. (Fig. 1).

e ™, ' ™y ' I =, -~

*Collection
(gathering from
forms, creation,

purchase,
exchange, and
searching in
databases)

*Extraction
*Analysis of valuable
information

*Potential
deletion

*Storage
(optional)

Fig. 1. Data processing operations [10]

As can be seen from the diagram, this process consists of several stages at which
important information may be lost. Secondary data, on the other hand, may take up valuable
storage space. When it comes to thousands of subscribers across hundreds of web pages that
need constant monitoring for feedback and ideas, the task becomes virtually impossible for
experts using traditional analysis methods. While a hotel manager may be able to remember
the requirements of regular customers, even a team of administrators would be unable to keep
track of the dozens of sources that influence a tourist’s choice of accommodation in one way
or another.

Where resources permit, it is advisable to use Al agents for the preliminary semantic
analysis of text messages relating to various aspects of shaping Ukraine’s tourism image on
the internet (it is also worth incorporating the analysis of information in audio and video
formats). Earlier generations of agents allowed for the monitoring of comments on social
media and simple text embedded in HTML code, and this technology is now widespread.
Such agents operate using "web spider" technology (also known as web scrapers or web
crawlers) — the first programmes created to save human analysts time when searching for and
collecting information on a given topic hosted on various resources (much like a mini-search
engine). Search engines (such as Google) use search robots, also known as crawlers or simple
bots, to index websites. As well as their search function, spiders can be programmed to extract
information from specific websites, for example, when search bots do not identify unpopular
pages in the search query rankings or when it is necessary to filter and download specific
information from a website. The standard procedure for configuring an agent is as follows: let
us consider the keyword phrase 'virtual tourism' and the content analysis of comments on
YouTube under videos dedicated to this topic. (Fig. 2).
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The process of researching content users’ opinions

1.1. Identifying the list of sources to be studied and collecting data.
—» 1.2. Identifying the original languages. Data cleaning and normalisation
1.3. Tokenisation and lemmatisation

Stage

2.1. Analysis of user sentiments and emotions. Summary of sentiments across
—»{ different channels
2.2. ldentification of dominant themes

Stage

Synthesis (generalisation of information):

3.1. Extractive generalisation — identifying comments that reflect the content of
each cluster

3.2. Abstract generalisation based on MLM — writing a concise summary that

—»{ generalises the various points of view

3.3. Comparative analysis of differences and similarities between channels (if
several sources are being analysed, or if significant discrepancies have been
identified between clusters)

3.4. Temporal analysis — how the topics and tone of discussions change over time

Stage

Preparing results for practical use
—» 4.1. Writing a brief summary
4.2. Preparing visualisations (optional)

Stage

Fig. 2. Sequence of stages in the process of analysing reviews/comments
(compiled by the author)

Researching consumer expectations of virtual tourism services using comments requires
a systematic approach that begins with collecting data from various sources. Comments
posted beneath videos on several YouTube channels initially constitute a disparate collection
of impressions and discussions (which often begin with the video’s topic but may end up
discussing completely unrelated subjects), which can be consolidated using the YouTube Data
API or other data collection mechanisms. Once collected, these comments must be cleaned
and normalised. Spam, duplicates and irrelevant characters are removed; it is also necessary to
identify the original languages of the account holders to ensure high-quality processing of
multilingual comments and preserve their semantic meaning. (The task of adapting off-the-
shelf algorithms, designed for English, to Ukrainian is in fact quite non-trivial, as
grammatically unrelated language groups contain different components, or conversely, they
lack elements that are key to the algorithm, and the source code often has to be significantly
modified, sometimes even altering the logic of the tokenisation process. A. Glybovets and V.
Tochytskyi [11] highlighted this problem in one of their early publications on the subject,
suggesting the creation of bespoke libraries for analysing texts in Ukrainian, and gave an
example of adapting Porter’s algorithm for tokenisation and stemming. Tokenisation and
lemmatisation further refine the text, preparing it for more in-depth analysis. The developers
of the national LLM model, 'Syaivo', also encountered significant differences in the structure
of the Ukrainian language compared to English. This joint project was launched at the end of
2025 by specialists from the Ministry of Digital Transformation and the company "Kyivstar".
Google Gemma 3 was chosen as the training foundation (with the transition to Gemma 4
now). The main issue is that large language models were developed for English, so an
intermediate step is required to process Ukrainian text. The input text is first translated into
English, then processed to generate responses in English. Finally, the finished response is
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translated back into Ukrainian for the final user. But the difficulties do not end there. Even
when a model is specifically tailored to Ukrainian, a significant volume of data is required to
fine-tune it. The larger the volume of content used to train the model, the better it performs.
However, there are far fewer high-quality Ukrainian language sources on the internet than for
other widely spoken languages. This is why experts are currently working on digitising
sources, which will then be included in the training model pool. Plans are also in place to
migrate the model from Google’s cloud infrastructure to the "Al Factory”, the state-run Al
infrastructure located in Ukraine [12].

The next stage involves analysing users’ sentiments and emotions. Lexicon-based
methods can quickly assign polarity values, but transformational models such as BERT or
RoBERTa provide a more nuanced interpretation, distinguishing between emotions such as
enthusiasm, scepticism and neutrality. When applied to the context of the key phrase, these
models reveal whether followers are expressing enthusiasm for virtual travel, concern about
the condition of the real-world site on which the tour is based, or whether they are at all
influenced by what they have seen — or, conversely, are expressing indifference towards any
form of tourism. Summarising sentiments across different channels provides an initial
understanding of how the audience perceives the topic.

In parallel with sentiment analysis, topic extraction methods are applied to identify the
dominant themes (headings) in the comments. Keyword extraction techniques, such as TF-
IDF or RAKE, identify recurring terms, whilst topic modelling approaches, such as Latent
Dirichlet Allocation, group comments into coherent clusters. Clustering based on embeddings
using Sentence-BERT and k-means further improves the grouping of semantically similar
comments. In the context of virtual tourism, these clusters can reveal discussions centred on
digital technologies, virtual reality devices, exploring post-conflict territories, or integrating
science into travel to learn about cultural heritage.

Generalisation takes place during the synthesis stage. Extractive generalisation
identifies representative comments that reflect the essence of each cluster, whilst abstractive
generalisation uses large language models to generate coherent, concise summaries that
synthesise different viewpoints into a single narrative. When applied to virtual tourism,
generalisations can highlight subscribers’ emphasis on the educational value of such trips,
recognition of the role such trips play in promoting environmental awareness, given that many
sites of tourist interest have suffered damage and destruction due to excessive recreational
pressure, content users’ concerns regarding ethical considerations, or the high cost of the
equipment required to immerse oneself in a virtual tour.

A comparative analysis allows us to identify differences and similarities between the
channels. Some audiences may focus on the potential of virtual tourism to foster international
cooperation in raising awareness of destroyed natural sites and historical and cultural heritage
landmarks, whilst others may emphasise its economic implications or its role in the recovery
of Ukraine’s tourism sector following the end of the armed conflict. A temporal analysis adds
another layer, showing how discussions evolve over time and whether enthusiasm or
scepticism is growing in response to new developments.

Finally, the results can be visualised and presented in a format suitable for practical use.
Dashboards can display trends in sentiment, thematic clusters, and comment volumes, whilst
word clouds and diagrams highlight the most frequently used terms. Comparative tables can
show how perceptions of the topic under study differ across channels, offering a structured
overview of the discourse. Through this process, Al agents transform raw streams of
comments into actionable insights, enabling a deeper understanding of how virtual tourism is
perceived and discussed in the digital environment, and whether content users are ready to
accept it as a commercial product.

Using the topic of virtual tourism as an example, let’s examine the differences between
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various models of abstract generalisation. Imagine a set of comments on YouTube under a
video about virtual tourism. The input comments, in simplified form, are as follows: let’s
assume that we have received a file containing a list of comments, ready for analysis. Each
line in the uploaded text file must look like this: ‘user000’: "This is a comment'.

"user001": "With virtual tours, 1 can visit places that I can"t
afford to travel to in person.”

"user002*: "What 1 see doesn’t feel as real as actual travel.”

"user003®: "1 like that these tours are accessible to people
with physical disabilities.”

"user004=: "The technology still needs
fully immersive virtual reality experience.”

Researchers can choose one or more Al models to analyse text, but there are significant
differences between them. Currently, three main groups of models are distinguished (Table
1):

improving to provide a

Table 1
CATEGORIES OF Al MODELS
Category Model, year of Features
development

Extractive | BERT (2018), Encoder-only architectures; perform well for
RoOBERTa, XLNet, classification, key sentence extraction and semantic
SBERT (2019), embeddings; lack a generative decoder, and are
Longformer, therefore used for extractive generalisation and
ELECTRA (2020) analysis.

Abstract | GPT (2018), BART, T5 | Generative or encoder-decoder models; generate new
(2019), Pegasus, text and are capable of paraphrasing and
ProphetNet, mMBART generalisation; used for dialogue systems, translation
(2020), FLAN-T5 and automatic summarisation.

(2022)

Hybrid / | BigBird (2020), Switch | Scalable architectures combining different

extended | Transformer (2021), approaches;  optimised for long  contexts,
UL2, PaLM (2022), multilingualism and general-purpose NLP tasks; used
LLaMA (2023) in research and commercial products.

Compiled by the author based on official sources from the developers

Table 2 presents the results of summarising the four comments provided using different
models.
Table 2
EXAMPLES OF COMMENT PROCESSING

Model Features of the method Generalisation result (without additional text
processing)
Extractive models

Used for extractive | The result is identical to that of SBERT (see

generalisation; assesses | below), but this model is now rarely used.

BERT the  importance  of | SBERT, on the other hand, has been
(Bidirectional sentences. Not suitable | specifically trained to generate high-quality
Encoder for abstractive | sentence embeddings optimised for semantic

Representations
from
Transformers)

generalisation due to its
encoder-only

architecture and the
absence of a generative

decoder.

similarity. Unlike ‘pure’ BERT, SBERT
produces more meaningful results because it
has been trained on NLI and paraphrasing
tasks, rather than simply on token masking.
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Table 2 (Continued)

SBERT A modification  of | With virtual tours, | can visit places | can’t
(Sentence- BERT for generating | afford to travel to in person. What | see doesn’t
BERT) semantic sentence | feel as real as actually travelling there. | like
embeddings; used for | the fact that these tours are accessible to people
extractive with physical disabilities. The technology still
summarisation and | needs improving to provide a fully immersive
finding similar texts. It | virtual reality experience.
does not generate new
text, but merely selects
the  most  relevant
sentences.
Abstract models
With virtual tours, | can visit places | cannot
afford to travel to in person. What | see doesn’t
feel as real as actually travelling there. I like
the fact that these tours are accessible to people
GPT A generative model that | with physical disabilities. The technology still
. sequentially predicts | needs improving to provide a fully immersive
(Generativ(Pre- s tual realit . The first sten is for
trained words; it produces virtual reality experience. The first step is fo
smooth, narrative-style | users of VR headsets to be able to interact
Transformer) ) . . . .
output. directly with their own devices and experiences
without having to worry about how they will
react when you walk around or use your
headset whilst walking through an area where
there is no need at all.
A hybrid  encoder- | With virtual tours, | can visit places | cannot
BART decoder; combines | afford to travel to in person. What | see doesn’t
(Bidirectional contextual feel as real as actually travelling there. I like
and Auto- | understanding with | that these tours are accessible to people with
Regressive generative fluency, and | physical disabilities
Transformers) works well for abstract

tasks.

T5 (Text-to-Text

Formulates
generalisation as a text-

Virtual tours are accessible to people with
physical disabilities. These tours are designed

to-text  transformation | for those with physical limitations — and will
Transfer . . . . . ) i N
task; offers high | provide an immersive experience if this is
Transformer) - L .
flexibility and versatility | achieved.
for various NLP tasks.
Specialises in abstract | I’'m a big fan of virtual reality tours.
generalisation; learns to
Pegasus  (Pre- | reconstruct missing key
training with | sentences, making it
Gap Sentences) | highly effective for
creating concise
summaries.
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Table 2 (Continued)

Hybrid (advanced) models

A sparse attention | With virtual tours, 1 can visit places that I
encoder model designed | cannot afford to travel to in person. What | see
to handle very long | does not feel as real as actual travel. | like that
texts; it  efficiently | these tours are accessible to people with
processes  documents | physical disabilities. The technology still needs
containing thousands of | improving to provide a fully immersive virtual
tokens, identifying key | reality experience.

sentences and structure,
and is suitable for
extractive tasks and the
analysis of large
corpora.

BigBird (Big and
Bold
Transformer)

Compiled by the author using open-source libraries; the code can be found in Appendix 1
https://gist.github.com/nadiya-dekhtyar/b1b26a40581d3312ca39ddc4c7795108

As can be seen from the table, even the length of the resulting text differs significantly.
The GPT model expanded on the existing sentences in the correct context, but the actual
comments did not contain half of the suggested ideas; therefore, experts may form a false
impression of the true sentiments of potential tourists. T5 placed too much emphasis on
people with disabilities, whereas only 25 per cent of the real reviews mentioned this aspect.
Pegasus produced only a ‘like/dislike’ type of response (analogous to the Boolean variable
‘yes/no’), meaning it could be inferred that everyone, without exception, finds virtual tours
interesting (although one comment was negative, with the visitor writing that virtual tours
cannot replace physical travel). The BART model proved to be the closest to the context, but
it essentially combined disjointed sentences into a coherent paragraph. Extractive models, on
the other hand, repeated all the sentences. However, these comments differ in meaning, so if a
researcher considers this particular form of generalisation to be optimal, the model’s
reliability must be tested on different volumes of text with varying styles and frequencies of
key ideas. It should be noted that free, pre-trained versions of the models were used;
therefore, it would be incorrect to choose one over another based solely on such a simple test.
However, it is possible to gain a basic understanding of the generalisation results.

An abstractive model functions as an encoder — it analyses text bidirectionally and
determines the importance of sentences or fragments. Its main applications are classification,
search, question-answering and the selection of key sentences for summarisation. Unlike
abstractive models (GPT, BART, T5, Pegasus), the extractive models BERT and SBERT do
not generate new text, but merely evaluate and select existing text. Hybrid and extended
models, on the other hand, are designed for scaling and handling long or complex contexts.

As the table shows, each model produces different results for the same set of comments,
except for BERT, SBERT and BigBird, which gave identical responses. On short articles or
comments, SBERT and BigBird will appear almost identical. Nevertheless, on long texts,
such as books, BigBird will begin to diverge, because its sparse attention mechanism allows it
to model long-range dependencies that SBERT cannot.

To date, there are up to two dozen models that are most widely used. A real boom
among developers took place in 2020, and since 2025, a separate sub-sector dedicated to their
training, testing and fine-tuning has been operating on a massive scale.

GPT (OpenAl, 2018). The Generative Pre-trained Transformer is the first large-scale
autoregressive model for text generation. It aimed to learn to predict the next word based on a
large corpus of data, which made it possible to generate text fluently in conversations,
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creative writing and code. There are free, open-source alternatives (such as DistilGPT-2), but
the latest commercial versions, GPT-3.5/4, are available via paid APIs.

BERT (Google Al, 2018). Bidirectional Encoder Representations from Transformers —
designed for language understanding tasks such as classification, search and question-
answering. It is trained bidirectionally, which allows for better consideration of context, but
due to its encoder-only architecture, it is not used for abstract generalisation. The model has
open-source, free variants (e.g. bert-base-uncased), and these are widely used in research.

XLNet (Google Brain & Carnegie Mellon, 2019) — an alternative to BERT and GPT,
combining autoregressive pre-training with permutations to better model dependencies
between words. The aim is to overcome the limitations of BERT in generation and GPT in
bidirectional context. Open-source models are freely available, although their use in
commercial applications may entail additional costs.

RoBERTa (Facebook Al, 2019) is an optimised version of BERT that removed the NSP
task and was trained on a larger dataset. It demonstrated that BERT was "under-trained" and
could achieve significantly better results. The model is available free of charge in open-source
repositories.

BART (Facebook Al, 2019). The Bidirectional and Auto-Regressive Transformer
combines a BERT-like encoder and a GPT-like decoder, making it a hybrid model for abstract
generalisation, translation and text generation. It has gained popularity due to its balance
between contextual understanding and smooth generation. Free open-source versions are
available (e.g., facebook/bart-large-cnn).

T5 (Google Research, 2019). The Text-to-Text Transfer Transformer is a general-
purpose model that formulates all NLP tasks in a ‘text-to-text’ format. This provides
flexibility for translation, summarisation, classification and QA. The base T5 models are
available free of charge, but instruction-tuned variants (such as FLAN-T5) also have open-
source versions.

Longformer (Allen Institute for Al, 2020) — designed to handle long documents thanks
to sparse attention with linear computational complexity. It aims to process large texts
efficiently in QA, classification and summarisation. The model is available free of charge in
open-source repositories.

ELECTRA (Google Research, 2020) introduced a new approach to pre-training — a
‘replaced or not’ discriminator — which enables models to be trained more quickly and cost-
effectively whilst maintaining high quality. Developed by Google, it is available free of
charge for research purposes.

Pegasus (Google Research, 2020) specialises in abstract generalisation, learning to
reconstruct missing key sentences. This makes it highly effective for generating concise
summaries. The open-source models are available free of charge, although commercial APIs
may incur a fee.

ProphetNet (Microsoft Research Asia, 2020) — designed to improve generation by
predicting future n-grams, allowing the model to plan the text more effectively. It is used in
summarisation and question generation. Free open-source versions are available.

mBART (Facebook Al, 2020) — a multilingual variant of BART, developed for
translation and summarisation across multiple languages. It was trained as a denoising
autoencoder on multilingual corpora. The model is available free of charge.

BigBird (Google Research, 2020) utilises sparse attention (global, local, random) for
long sequences, making it suitable for QA, classification and even genomics. Open-source
models are available free of charge.

Switch Transformer (Google Brain, 2021) is a mixture-of-experts architecture with
simple routing, which has enabled scaling up to a trillion parameters. It is used primarily in
research; open-source versions are available, but commercial applications are subject to a fee.
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UL2 (Google Research, 2022). Unified Language Learner, which combines various pre-
training paradigms (span corruption, causal LM, prefix LM). It is versatile for fine-tuning and
few-shot tasks. Free, open-source models are available.

PaLM (Google Research, 2022). Pathways Language Model — a large-scale model
(540B parameters) designed for multi-step reasoning, translation and coding. It is a
commercial product, accessible via paid APIs, but the research papers are open access.

FLAN-T5 (Google Research, 2022) is an instruction-tuned variant of T5, trained on
thousands of tasks to improve zero-shot/few-shot performance. Open-source, free models are
available.

LLaMA (Meta Al, 2023). Meta Al’s Large Language Model was created as an open
resource for researchers, demonstrating that smaller models can outperform GPT-3. It has
become the basis for hundreds of derivative open-source models. LLaMA is available free of
charge for research, but commercial applications may be subject to licensing restrictions.

There is a wide range of models and features to choose from. To start with, you can
stick to the free options, which is ideal if a travel company does not have in-house machine
learning specialists or has limited funds to commission external development. However, in
addition to the cost of the model itself, you should factor in the cost of accessing the APIs of
the resources where the content to be analysed is stored.

For example, to connect to the YouTube Data API, you need Google Cloud Console
keys, which incur a charge once the free trial credits have been used up. While it is possible to
retrieve YouTube comments via web scraping without using the official API, direct scraping
can be unreliable due to frequent changes in the functionality and code of YouTube pages,
and it may breach the terms of service if data is extracted on a large scale. This method
analyses the HTML code of the video page or uses a 'headless' browser to load dynamic
content (a web browser without a graphical user interface). Clearly, this method is not suitable
for ongoing commercial use. However, for research or prototyping purposes, you can use
Python code based on the open-source library youtube-comment-downloader.

The result of summarising comments using the BART method based on the SAMSum
community model for the video ‘The Rijksmuseum’s Treasures — A Virtual Tour from
Rembrandt to Van Gogh’ (a virtual tour of the Rijksmuseum in Amsterdam, the Netherlands;
URL.:_https://www.youtube.com/watch?v=mlcqYb-SCpY). The original text of the comments,
which was loaded into the model, and the code are contained in Appendix 2
(https://qgist.github.com/nadiya-dekhtyar/b1b26a40581d3312ca39ddc4c7795108).

"Jessica gave a tour of the Rijksmuseum in Amsterdam. She would
like to visit the Van Gogh Museum as well. Her family came to South
Africa from Holland, and she loved the tour. She wants Jessica to
make a video about the museum.™

This conclusion is not ideal, as it immediately creates confusion as to which sentences,
starting from number 2, refer to the author of the video (it gives the impression that the name
"Jessica", which is mentioned, belongs to the author, although in fact this is not the case), and
which refer to the users. In this instance, this is important because the country from which the
author presumably came is merely an additional biographical detail; however, if tourists from
South Africa travelled to the Netherlands specifically as a family to visit a particular museum,
this is a signal for tour operators and organisations responsible for promoting the Netherlands’
image as a tourist destination worldwide. But overall, it is clear that the commenters were
interested in the topic and would have liked to take a virtual tour of another museum (for
example, the Van Gogh Museum).

The result obtained using the T5-Large model is slightly different. This model provides
better generalisation quality but requires more resources (there are options: t5-small — fast but
lower quality; t5-base — a balance between speed and quality; and t5-large). However, this
model is not perfect either, as the resulting text contains syntactic errors and is not logically
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structured.

"The Van Gogh Museum is my favourite artist, and has been for
more than two decades since | studied art at university. Please do
an episode on the Van Gogh Museum as well. The effort you put into
this is evident.”

The output generated using the GPT-2 Large model (the freely available version was
selected for testing) is already a coherent, logically structured text; however, it lacks general
information about foreign tourists who have visited Amsterdam. None of the models tested
noted the presence of a commenter from Canada, which, in the long term, might suggest the
popularity of virtual tours of European museums amongst North Americans; however, this
user’s comment did not contain a comment as such (a review of the video or an expression of
impressions), and was therefore likely overlooked.

"Viewers express great admiration for the museum tour and the
presenter’s engaging and educational style. Many people praise the
quality of the video, the beautiful portraiture, and how enjoyable
and informative the experience was. Several commenters mention their
personal connections to Amsterdam and the Rijksmuseum, sharing how
meaningful the visit felt to them. A large number of viewers have
requested a future episode about the Van Gogh Museum and expressed
excitement at the prospect of learning more. Overall, the comments
demonstrate strong appreciation, an emotional connection and
enthusiasm for future tours.”

Thus, the use of Al models to track the expectations of consumers of tourism services
can be carried out in parallel with monitoring potential negative practices aimed at
discrediting Ukraine’s image amongst global internet users. It is possible to economise during
the initial data collection stage, as it is advisable to analyse foreign resources (or foreign-
language sources) where Ukraine is mentioned first and foremost — the country’s name will
serve as one of the keywords. If a large list of keywords is not entered at the outset, this
corpus of text data will consist of posts concerning assessments of the country’s image, likely
its foreign policy, prospects for recovery, compilations of historical facts, descriptions of
cultural heritage, and so on. In other words, any resources on such topics will be useful for
understanding the sentiments held by foreigners towards our country. For tourism industry
professionals, the priority is to study the spontaneous process of a country’s image formation
and to filter out the most popular attractions, phenomena and regions, which are mentioned
most frequently, and from which a ready-made offering can be developed — initially in the
form of virtual tours and other recreational digital services, with itineraries planned for
physical visits once hostilities have ceased. For security experts, this set of information is
needed to identify potential manipulation of users’ opinions regarding content or
manipulation of facts published in reputable media. The language models, which will be used
in subsequent stages for detailed semantic analysis of texts, are likely to differ for the two
groups of specialists and will be trained on different examples; however, where possible, it is
worth saving time and the cost of API access keys if several research groups require an almost
identical input dataset.

Ukraine already has significant potential for Al application. In the 2025 Government Al
Readiness Index, the country ranked 41st out of 195 countries, scoring 60.84. The USA
ranked 1st with a score of 88.36, and the lowest score was 12.12 [13].
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Table 3
PILLARS OF THE GOVERNMENT Al READINESS INDEX

Pillar Ukraine | Top-10 / leaders*

Total score 60.84 (1) United States of America — 88.36; (2) France — 80.81;
(3) United Kingdom — 77.75; (4) Netherlands — 77.18; (5) South
Korea — 76.89; (6) Germany — 76.78; (7) Singapore — 76.42; (8)
China —76.27; (9) Australia — 75.73; (10) Norway — 74.84

Policy 73,5 100.0 — Australia, Egypt, Serbia, United Kingdom;
capacity 96.0 — Estonia, India, Poland, South Korea;
92.5 — Canada, Chile, China, Denmark, USA
Al 52,4 (1) USA - 91.77; (2) China — 78.36; (3) France - 76.27;
Infrastructure (4) Singapore — 74.46; (5) UAE - 73.77; (6) Germany — 73.28; (7)

United Kingdom - 72.49; (8) Canada — 72.32; (9) Japan — 70.62;
(10) Australia — 70.02

Governance | 83 (1) Ireland — 94.57; (2) Netherlands — 94.19; (3) Norway — 94.02;
(4) Denmark — 94.02; (5) Portugal — 93.55; (6) Saudi Arabia —
93.21; (7) United Kingdom — 92.27; (8) Lithuania — 91.67; (9)
Germany — 91.17; (10) China—91.14

Public sector | 80,24 (1) Estonia — 99.63; (2) UAE — 97.27; (3) France — 97.18; (4) Brazil

adoption —94.78; (5) Netherlands — 94.01; (6) USA — 92.87; (7) Singapore —
92.50; (8) Peru — 90.40; (9) Saudi Arabia — 88.62; (10) Thailand -
85.86

Development | 40,34 (1) USA - 88.16; (2) China — 74.67; (3) Canada — 69.03; (4) United

& diffusion Kingdom — 68.46; (5) France — 68.20; (6) Germany — 66.24; (7)

Japan — 66.13; (8) South Korea — 65.88; (9) Israel — 64.66; (10)
Singapore — 64.15

Resilience 58,21 (1) Denmark — 90.01; (2) France — 88.63; (3) United Kingdom —
83.30; (4) Australia — 82.94; (5) South Korea — 82.71; (6) Spain —
81.70; (7) Japan — 80.75; (8) Austria— 79.69; (9) USA - 78.28; (10)
Norway — 77.50

* Sometimes, countries share the same scores, so either the top ten national economies or the
greater number of leaders is indicated
Source: compiled by the author on the rankings data

The key success indicators for Ukraine were the development of a sovereign Al
infrastructure, the integration of Al into core government platforms (including Diia), and the
adoption of MilTech. As for consumers/citizens' Al usage, there is no unique source of
"official” statistics. It can only literally be collected by service providers, who obtain IP
addresses and/or subscription details as the primary source of users' characteristics. However,
this can distort a user's citizenship. Furthermore, the MFA assessed that 8 million Ukrainians
were living abroad as of May 2026 [14], who are probably using the digital infrastructure of
their current country of residence. In this respect, the GovTech sector collects the most
reliable statistics. Nevertheless, Al services extend far beyond governmental services, so
market observations revert to questionnaires as the easiest way to gain "first-hand access™ to
people's choices. According to experts, the number of people using Al in Ukraine increased
from 28% in 2024 to 49% in 2025. Of these users, 23% use Al for work, 17% for study, and
28% for other purposes. 42% of Ukrainian adults and 70% of Ukrainian teenagers use it
regularly [15]. Further detailed research is required on statistics regarding the use of artificial
intelligence by sector. For instance, tourism professionals would be well advised to survey
their target audience, since content about foreign travel and culture is always of interest to
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those who have limited opportunities to travel or pay for virtual tours.

The findings obtained from the analysis of consumer preferences, media reports and
trends expressed by authoritative bodies in the tourism sector, as well as proposals and reports
from travel companies, can either form the basis of strategies in the form of qualitative
recommendations (following consultation with experts) or be converted into quantitative
inputs for other models. For example, consumer feedback on watching themed videos about
tourist attractions can be adapted to a rating scale and used to develop the storyline, duration,
emotional tone, content, the use of formal/high-quality language (rather than relying solely on
automatic machine translation) in the release, and other characteristics, for which
recommendations can be presented in a simplified rating format. The results of analysing
statistical macroeconomic data, fed into econometric or language models trained using the
necessary mathematical procedures, can be summarised as a set of recommendations for
entrepreneurs planning to export tourism services abroad. It is important to understand that,
for the smooth transfer of sets of resulting data and the retraining of models, constant
communication is required between various groups of specialists: some of whom work, for
example, within city tourism authorities; others form part of the Ministry of Foreign Affairs
team responsible for image-building initiatives; whilst others work at the State Tax Service of
Ukraine and must calculate the impact of reducing income tax for a selected priority sector as
part of a multi-year government initiative which is entirely unrelated to the activities of
tourism enterprises, but is linked to other sectors whose development already has a direct
impact on the quality of tourism infrastructure and the number of travellers.

Conclusion. As demonstrated, various Al models can be used to carry out specific tasks
involving the analysis of the opinions of potential consumers of tourism products. However,
such monitoring is intended to address more important objectives — the search for ideas for
national rebranding and the identification of existing hybrid threats. Therefore, strategic
planning for the creation of a research infrastructure for analysing the content of relevant
resources must take into account not only the technical aspects of the interaction between
information flows generated by various databases, but also the deployment of so-called
‘corrective nodes’ — analysts who will verify the quality and comprehensiveness of incoming
information and the results of machine algorithm calculations, confirm the urgency of
measures and recommend optimal ways to optimise sectoral strategies.
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