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ABSTRACT

Attractions in the tourism industry are one of the components that motivate tourists to visit destinations,
such as entertainment, natural, cultural, and historical richness. For such reasons, people decide to visit
unique destinations and spend time there. Almaty, the largest city of Kazakhstan, is one of the significant
attraction centers of the Central Asia region, offering tourists unique and pleasant features with several
tourist attractions. This study aims to analyze online user reviews of tourist attractions in Almaty, Kazakh-
stan, using machine learning and text mining methods. The primary focus is on identifying the main the-
matic clusters of reviews and their sentiment and comparing these themes with the types of attractions:
historical, natural, and man-made. A total of 7,515 reviews were collected from the TripAdvisor website.
The data was processed using sentiment analysis, topic modeling, and hierarchical clustering methods. The
analysis revealed that 38% of the reviews were related to natural attractions, 34% to man-made, and 28%
to historical ones. The most positive reviews were associated with natural attractions, while historical and
man-made attractions received 79.38% and 81.40% positive reviews, respectively. In addition, the items
that make up these attractions are identified, and their sentiment levels are pointed out. In addition to
this situation, visitors have the most positive expressions for natural attractions, especially landscapes and
lakes. The findings emphasize the importance of considering review themes to improve the quality of tour-
ist services and to enhance the positive image of Almaty as a tourist destination.
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AHHOTauuA

Typuctnyeckme L[OCTONPUMEYATENbHOCTM ABAAIOTCA OAHUM M3 BaXHbIX KOMMOHEHTOB, KOTOpble
MOTUBMPYIOT TYPMUCTOB MNOCELLATb Pa3/IMYHble AEeCTUHAUUM. 10 3STUM NPUYMHAM NHOAMN PEeLLAloT noceLatb
YHWKa/IbHbIE MecTa U NPOBOAUTb TaM Bpems. AIMaTbl, KpynHenwmnii ropos KasaxcraHa, ABNSETCA OgHUM
N3 OCHOBHbIX LLeHTPOB NPUTAXKEHUSA TypUcToB B LieHTpanbHOM A3uK, npeanaraa YHUKaIbHbIE U NPUATHbIE
0COBEHHOCTM C MHOXECTBOM TYPUCTUYECKUX JOCTONPMMEYaTeibHocTeN. Lienbio AaHHOro nccnegoBaHus
ABNSETCA aHaM3 OHJIalH-0T3bIBOB MOJIb30BaTE/1eMN O TYPUCTUYECKMX SOCTONPUMEYATEIbHOCTAX ANMaTbl C
NCMoJIb30BaHUEM METOA0B MaLLUMHHOIO 06y4eHUA U TEKCTOBOro MaliHMHra. OCHOBHOE BHMMaHWe yaenseTca
BbISIB/IEHMIO OCHOBHbIX TEMATUYECKMX KNacTepPOB OT3bIBOB, X SMOLMOHA/IbHON OKPACKM U COMOCTABEHUIO
3TUX TEM C TUMAaMW [OCTOMPUMEYATENIbHOCTEN: UCTOPUYECKMMM, NMPUPOAHBIMU U PYKOTBOPHbIMU. B
paMKax uccnenoBaHusa bbiio cobpaHo 7 515 oT3biBoB ¢ caliTa TripAdvisor. JaHHble 66l 06paboTaHbl
C MCMNO/Ib30BaHMEM METOLOB aHa/IM3a TOHa/NbHOCTU, TEMATUYECKOrO MOLEANPOBAHUA U MepapXMyecKom
Knactepusauum. AHaM3 nokasan, Yto 38% 0T3bIBOB OTHOCATCA K NPUPOLHbBIM AOCTONPUMEYATENBbHOCTAM,
34% — K pyKOTBOPHbIM M 28% — K nctopuyeckum. Hanbonee nonoxurenbHble 0T3biBbl ObINM CBA3AHbI C
NPUPOAHbIMU AOCTONPUMEYATENILHOCTAMM, TOrAa Kak UCTOPUYECKME U PYKOTBOPHbIE 06BLEKTbI MOAYYUAN
79,38% 1 81,40% NONOKUTENbHbIX OT3bIBOB COOTBETCTBEHHO. Kpome Toro, 6b11m onpegeneHbl 3/1€MEHTbI,
COCTaBAAOLME 3TU A0CTONPUMEYATENIbHOCTM, U YKa3aHbl YPOBHU MX SMOLIMOHaNbHOW OLLEHKM. [ToceTuTenm
OCTaBAAOT Hanmbonee MNONOXKUTENbHbIE OT3bIBbl O MPUPOAHBLIX AOCTONPUMEYATE/IbHOCTAX, 0COBEHHO
nensaxkax M o03épax. onyyeHHble pesynbTaTbl MOAYEPKMBAKOT BaXKHOCTb Y4yeTa TEMATMKW OT3bIBOB
ONA YAYULEHMA KayvecTBa TYPUCTUUECKUX YCAYT U YKPENAEHUA NONOXKUTENbHOrO UMUAXKA ANIMaTbl Kak
TYPUCTUYECKOrOo HanpaBEHUA.

Kntouesble cnosa: s3KOHOMMYECKOE BAMAHUE, OCTONPUMEYATENbHOCTb, MAapPKETUHT, TYPUCTUYECKUE YCAYTU, UMULNK
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INTRODUCTION

The attractions of destinations are one of the
main factors in the formation of tourist demand
(Nasir et al., 2020). Historically significant places,
natural beauties, and man-made elements within the
scope of these attractions motivate tourists to vis-
it destinations and make significant economic and
social contributions to destinations (Pike & Page,
2014). For this reason, businesses and destination
management organizations want to attract tourists to
relevant areas in quantity and quality by effectively
managing these attraction elements and developing
efficient strategies in marketing activities (Go &
Govers, 2000; Gato et al., 2022; Blain et al., 2005).
This tourist attraction is an important indicator that
increases the service quality, brand value, and image
of the countries in the tourism sector (Kazmi et al.,
2020).

The situation and quality of attractions in a des-
tination have an essential role in the travel satisfac-
tion level of tourists (Mariani et al., 2014). This is
an important fact that naturally affects the image of
the destination and the country where the attractions
are located (Nadeau et al., 2008). With the increas-
ing accessibility of transportation and technological
advancements, there has been a growing interest in
tourism among people over time (Hacia, 2019; Pen-
carelli, 2020). Alongside developments in tourism,
individuals have been inclined towards traditional
tourism types and destinations while paving the way
for visits to unique cities and regions (Cimbaljevi¢
etal., 2019; Kim et al., 2007; Kim & Brown, 2012).
One of these unique places is the Central Asian
geography. The cultural, local, and geographical
attractions of this region have increased people’s
travels to this region, and in this context, tourists
are provided with different elements in their travels
by diversifying touristic products (Mukhambetov &
Ottenbacher, 2021; Panzabekova, 2018).

Kazakhstan is one of the most important attrac-
tions in Central Asia and has an essential position in
its region due to its geopolitical importance (Wang
& Liu, 2020). In addition, it has an essential posi-
tion in tourism in its region with its cultural, natu-
ral, and man-made attractions (Kantarci et al., 2017;
Kadyrbekova et al., 2023). Within the scope of these
attractions, Kazakhstan ranked 33rd in the world in
natural resource attractiveness and 63rd in cultural
resources in the report prepared by the Travel and
Tourism Development Index for 2021 (World Eco-
nomic Forum, 2021). For this reason, using these re-
sources efficiently, protecting them within the scope
of sustainable development, carrying out restoration
works, and using publicity and promotion activities
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effectively all over the world can increase the num-
ber of tourists in terms of quality and quantity (Bro-
kaj, 2014; Larson & Poudyal, 2012). This country
has significant attractions from post-Soviet times
and nomadic culture (Tiberghien et al., 2018). This
place also has enormous nature-based attractions,
but these resources cannot be sufficiently adapted
to the tourism industry for competitive advantage
because of lack of professionalism and investments
(Tleuberdinova et al., 2022; Shayakhmetova et al.,
2020). For this reason, natural resources in this re-
gion should be protected efficiently for future gener-
ations (Igaliyeva et al., 2020).

With Web 2.0 applications, how consumers
convey their satisfaction by expressing their opin-
ions on digital platforms has accelerated (Garner
& Kim, 2022). The fact that this interaction occurs
in the field of tourism is significant for components
in the tourism industry, which are part of the ser-
vice sector (Herrero et al., 2015). For this reason,
examining the reviews written in these areas and
measuring their impact on consumers’ experiences
is essential in revealing satisfaction with the attrac-
tions in destinations (Lu & Stepchenkova, 2015). In
big data analysis, developments in machine learn-
ing, text mining, and natural language processing
have paved the way for the practical analysis of
large amounts of data presented on these platforms
(Ghavami, 2019; Marine-Roig, 2021). Attractions
in destinations have complex structures; therefore,
researchers apply machine learning models to reveal
hidden features from text data, such as online re-
views (Taecharungroj & Mathayomchan, 2019).

Within the development in this field, online
user-generated reviews have been studied for attrac-
tions in a destination management perspective with
machine learning techniques in growing text mining
and natural language processing methods like top-
ic modeling, information retrieval, text clustering,
text classification, and sentiment analysis. In a study
conducted on 40 cities, Latent Dirichlet Allocation,
one of the topic modeling methods, was used to re-
veal the topics in online reviews in TripAdvisor’s
“Things to Do” section. According to the results,
castle, religion, ancient, sports, and theater topics
are the most mentioned topics in the reviews of these
40 cities frequently visited by tourists (McKenzie &
Adams, 2018). A relevant study conducted for Mar-
rakech, one of the famous destinations in Morocco,
via a topic modeling approach showed that tourists
mainly mention the atmosphere, shopping, behav-
iors of citizens, and general experiences in their re-
views (Ali et al., 2021). Location-provided services
and activities are also important features for tourists
visiting popular Indian hotspots (Singh et al., 2021).
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In this study, online user reviews on the Tri-
pAdvisor website, one of the world’s largest online
travel platforms, were examined regarding the cul-
tural, natural, and man-made tourist attractions of
Almaty, the largest city in Kazakhstan. In this way,
the content of the reviews of people who visited the
relevant attractions and the effect of these contents
on satisfaction were revealed. Few related studies
about attraction types in Almaty have online us-
er-generated reviews. To reveal and understand
the contents of reviews, machine learning, and text
mining techniques were used together to gather the
related information from the obtained dataset. Fur-
thermore, it is aimed to reveal which topics have the
most positive and negative sentiments for each at-
traction type and how the subjects within these top-
ics are used together.

MATERIALS AND METHODS

Attractions with 5 or more comments on the
attractions of Almaty city on TripAdvisor were in-
cluded in the research in this context, and a total of
76 attractions were included in the research (Tri-
pAdvisor, 2024). When looking at these attractions,
it was seen that most of the reviews were written
in English and Russian. In addition, attractions are
generally divided into three groups: natural beauties
such as lakes, mountains, and snow; historical places
such as history, culture, and architectural structures;
and later, human structures such as subways, shop-
ping areas, and streets. In this context, 7515 reviews
were obtained from the relevant site and analyzed
with the Orange data mining program (DemsSar et
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al., 2004). The data range covers between 2011 and
2024. After all data were scraped from TripAdvisor,
preprocessing was performed on the raw text data.
At this stage, the numerical data in the comments
were removed, and all capital letters were convert-
ed to lowercase letters. After this stage, the VADER
sentiment analysis method was applied to every re-
view. The non-negative matrix factorization method
was performed to obtain meaningful and represen-
tative word clusters for topic modeling. After this
phase, topic distribution and sentiment scores of
every review were identified, and hierarchical clus-
tering analysis was performed on this dataset to ob-
serve co-occurrences between topics.

RESULTS

In the analysis of tourist attractions, Figure
1 illustrates the distribution of review frequencies
across different types of attractions. The data reveals
that nature-based attractions received the highest re-
views, followed closely by man-made attractions,
with historical attractions garnering the least at-
tention. Specifically, when expressed in percentage
terms, nature-based attractions accounted for 38% of
the total reviews, man-made attractions represented
34%, and historical attractions comprised 28%. This
distribution highlights tourists’ predominant interest
in natural landscapes and environments, although
artificial and historically significant sites also main-
tain substantial appeal.

Figure 1 shows the attraction types and their
review frequencies.
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Figure 1. Attraction types and frequency distributions obtained from the data set
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After the relevant reviews were filtered under
three different attraction types, sentiment analysis,
topic modeling, and text classification were per-
formed for each group. Sentiment analysis is an
analysis method used to express a sentence’s emo-
tional state and intensity (Hutto & Gilbert, 2014). In

the relevant research, the VADER method was used,
and the emotion type of each sentence was classified
according to the resulting compound result.

Figure 2 shows the emotion types of all data.
Accordingly, 6,160 positive emotions,
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Figure 2. Sentiment analysis results of all reviews in the data set

In the classification of emotional responses,
1,034 instances were identified as neutral emotions,
while 321 instances were classified as negative
emotions. The data highlights a significant predom-
inance of positive emotions, constituting 81.97%
of the total emotional responses. This indicates that
most of the emotions expressed were positive, re-
flecting a generally favorable sentiment among
the subjects. Neutral emotions, which account for

13.76% of all emotions, suggest some responses
where individuals neither exhibited strong positive
nor negative feelings. This could indicate a more
reserved or indifferent reaction to the analyzed stim-
uli or context. Negative emotions, making up only
4.27% of the total, are the least represented among
the classified emotions.

Figure 3 shows the distribution of the senti-
ments of all three attraction types.
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Figure 3. Sentiment Types of All Attractions
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According to the sentiments of all attractions,
the most positively commented attraction type is na-
ture-based. In this type, 84.41% of all nature-based
attraction reviews are positive, 10.44% are neutral,
and %5.15 are negative, respectively. In addition,
positive sentiments make up 79.38% of all reviews,
neutral 16.75%, and negative emotions 3.88% in
history-based attractions. In man-made attractions,
positive sentiments have a percentage of 81.40% of
all reviews, neutral has a percentage of 14.97%, and
negative one has a percentage of 3.63%. According
to findings, although nature-based attractions have
more negative sentiments in percentage, the highest
percentage difference between negative and neutral
sentiments of attraction types is in history-based
ones. Man-made and nature-based attractions fol-
low this situation. Furthermore, the most significant
difference between neutral and positive sentiment
belongs to nature-based attractions. This propor-
tional size difference is followed by man-made and
history-based attractions seriatim.

After this process, the topic distributions of
each attraction were analyzed using the topic mod-
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eling algorithm called Non-Negative Matrix Fac-
torization. It is a dimension-reduction technique
used in machine learning and text mining areas
such as topic modeling, document similarity, and
feature extraction from text documents (Zurada et
al., 2013). As a result of the analysis, the value with
the highest probability in the topic distribution of
each review was classified as the topic of that re-
view. Then, after the sentiment and topic classes of
the classified reviews were determined, the topics
and sentiment states of each of the three attraction
types were analyzed. Considering the topic integrity
within the scope of topic modeling, a total of 4 top-
ics were presented for each attraction type, and the
distribution of the words in the topics that constitute
the attractiveness in the sentences of the relevant
attractiveness type was shown with marginal topic
probability at the top of each column in Tables 1, 2,
and 3 respectively.

Table 1 presents the topic modeling results related
to the history-based attraction type, providing a de-
tailed overview in this category.

Table 1. Topic modeling results of history-based attraction type

Architectural | Distribution I\/?é)r(r:li(?iy Distribution | Museum Distribution Art Distribution
areina! ;"pi" 0360218 %;gclg)b- 0329586 ?f‘;,rr%ﬁéﬁ? 0.103076 %;%Hliib- 0.199693
ability ability

Cathedral 0.0553142 |Monument | 0.0528893 |Museum 0.0861758 |Art 0.0851309
Church 0.0507704 |Park 0.0468671 |Hour 0.0510682 |Instrument | 0.0507274
Beautiful 0.049173 |Memorial | 0.0431495 |Exhibit 0.0425852 | Music 0.0475057
Orthodox 0.0353729 | Tree 0.0368214 | Spend 0.0425006 |Folk 0.0433161
Wooden 0.0293969 | War 0.0325079 | Collection 0.0412122 | Display 0.0385741
Mosque 0.0252959 | Panfilov 0.0320651 | English 0.04051 |Pleasant 0.0361879
Building 0.0229772 | Moscow 0.0278459 |Room 0.0330272 | Guide 0.0353366
Love 0.0226024 | Victory 0.0277006 | History 0.0298839 |Interesting | 0.0337542
Russian 0.0210765 | Walk 0.0257135 |Modern 0.0281714 |Local 0.0285703
Architecture 0.0208298 |Impressive | 0.025166 |Painting 0.0266259 |Exhibition | 0.0259649

Note: compiled by authors

Table 1 shows that in the history-based attrac-
tion type, words cluster about architecture, social
memory, museums, and art topics. In other words,
related words in these clusters are written more in
the reviews of this type of attraction. According
to each topic cluster’s marginal topic probability

Ixonomuxa: cmpamezusn u npakmuxa. T. 19, Ne 3, 2024 / Economy: strategy and practice. Vol. 19, No 3, 2024

scores, the words in the architectural element are
used the most, and the words in the museum element
are used the least.

Table 2 shows the topic modeling results of the
nature-based attraction type.
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Table 2. Topic modeling results of nature-based attraction type

Panoramic View | Distribution | Mountain E;mbu_ Animals Distribution |Lake Distribution
Marginal Topic Mar.ginal Margir.l- Mar.ginal

Probability 0,36747 Tgplc Proba-{0,205227 |al Top1c; . 0,157897 Tgplc Proba-|0,260507

bility Probability bility

View 0,031936 Ski 0,06425 | Animal 0,0654574 |Lake 0,075785
City 0,029488 Resort 0,038887 |Garden 0,0463533 |Road 0,028548
Kok 0,026131 Shymbulak |0,029663 |Zoo 0,0448032 | Water 0,025099
Cable 0,025422 Slope 0,025616 |Bird 0,0280845 | Mountain 0,022887
Tobe 0,025059 Lift 0,023345 | Child 0,0236987 | Beautiful 0,021268
Hill 0,024558 Hotel 0,01904 |Cage 0,0207323 |Bus 0,019236
Sunset 0,022619 Winter 0,017821 |Entrance 0,0202134 |Blue 0,016984
Top 0,022411 Snow 0,016478 | Walk 0,0195675 | Driver 0,015903
Nice 0,021837 Cable 0,015889 | Park 0,0188086 |Taxi 0,015541
Child 0,019084 Station 0,01581 Enclosure [0,0184302 |Nature 0,015472

Note: compiled by authors

When we look at the words that make up the panoramic view topic, and the least common is the
nature-based attraction type in Table 2, we see that animal topic.
they relate to panoramic views, mountains, animals, Further, Table 3 shows the topic modeling re-
and lakes. The most common subject here is the sults of the man-made-based attraction type.

Table 3. Topic modeling results of man-made-based attraction type.

?;Vrﬁlter U Distribution | Parks Distribution | Shopping :i):;mbu_ Transportation | Distribution
Marginal Margir}- Marginal Marginal Topic
Tpplc Proba- | 0,352633 al TOpl(.:. 0,277102 Topic - 0,137912 Probability 0,223863
bility Probability Probability
Skate 0,0536991 | Park 0,086159 Market 0,05202 Metro 0,055952
Rink 0,0348971 | Child 0,032666 Fruit 0,044675 Station 0,052272
Mountain 0,0337025 | Theater 0,027746 Bazaar 0,04057 Mall 0,031133
View 0,0272242 | Walk 0,027437 Street 0,033274 Line 0,027259
Car 0,0265342 | Photo 0,023492 Shop 0,033193 Train 0,025237
Ice 0,0257745 | Place 0,023432 Green 0,032052 Clean 0,025037
Medeo 0,0254322 | Nice 0,023185 Meat 0,03201 City 0,023031
Cable 0,0224777 | Love 0,022828 Building 0,03193 Shop 0,020814
Ski 0,0192443 | Beatles 0,021869 Food 0,030681 Staff 0,019853
Medeu 0,0177825 | Attraction | 0,019395 Price 0,02927 Experience 0,01968
Note: compiled by authors
Table 3 shows the topics of man-made attrac- Figures 4, 5, and 6 show the sentiment distri-

tions, and words related to winter tourism, parks, bution of the attraction types in percentage accord-
shopping, and transportation come together. Winter ing to the topics.

tourism is the most common topic among these, and

shopping is the least common.

66 Ixonomuxa: cmpamezus u npakmuxa. T. 19, Ne 3, 2024 / Economy: strategy and practice. Vol. 19, No 3, 2024



PET'MOHAIJIBHA 1 SKOHOMUKA

Neutral Positive
acchitectural [ DN
Mega... Meutral Positive
at DN
Megative Meutral Positive
ColeciveMemory P NN
Neutral Pasitive

wseo NN

0 10 20 30 40 50 60 70 80 a0 100
¥ 23,87 (p=0.001, dof=5)

Figure 4. Topics and sentiment distribution of the history-based attraction type
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Figure 5. Topics and sentiment distribution of the nature-based attraction type
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Figure 6. Topics and sentiment distribution of the man-made attraction type

Oxonomuka: cmpamezus u npakmuxa. T. 19, Ne 3, 2024 / Economy: strategy and practice. Vol. 19, No 3, 2024

67



REGIONAL ECONOMY

Figure 4 illustrates that the element expressed
in the most positive context is the subject of archi-
tecture. Museum, art, and social memory elements
follow this situation. Within this subject, words
about architectural buildings, structures, and muse-
ums are essential for tourist satisfaction when visit-
ing these related history-based attractions. Figure 5
shows that, while the panoramic view has the high-
est distribution of positive opinions in nature attrac-
tion, the zoo topic emerged as the element with the
highest distribution of negative emotions. Figure
6 presents the issues of man-made attractions, and
among these issues, it is seen that the elements re-

lated to winter tourism are considered the most pos-
itive. In contrast, the shopping element stands out
the most as unfavorable. In addition, the Chi-Square
analysis also showed that all topics reached the sig-
nificance level.

Furthermore, hierarchical cluster analysis is
performed to understand which topics tourists use
together in the same review. Cosine similarity and
ward linkage parameters are used to perform a den-
drogram. Figures 7,8 and 9 show the co-occurrence
of topics in history, nature, and man-made attraction
types, respectively.
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Figure 7. Hierarchical Cluster Analysis of Reviews in History-Based Attractions
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Figure 7 shows that visitors mainly refer to art
and museum-based words in the same review. These
topics are mentioned together more than other topics
in this section. Moreover, it is seen that collective
memory and architecture-based words also tended
to be written in reviews by tourists together. Fig-
ure 8 shows the nature-based hierarchical clustering
analysis. According to the findings in this topic, lake
and ski, on the other hand, panoramic view and zoo
tended to be written together. Figure 9 shows that
parks and shopping topics are used together. Sub-
sequently, the transportation topic is added to this
group. Winter tourism and its related words appear
to form a separate cluster of man-made attractions.

DISCUSSION AND CONCLUSION

In this study, the attractions in Almaty were ex-
amined, the reviews of the attractions in the relevant
region were taken from the TripAdvisor website,
and content analysis of the reviews was conducted
using text mining and machine learning methods.
At this stage, the topics and sentiment states of the
reviews made on the relevant attraction types were
examined using sentiment analysis, topic modeling
text classification, and unsupervised learning hier-
archical clustering methods. In the research, it was
seen that attractions are classified by history, nature,
and man-made based in Almaty. In attractions re-
lated to history, people generally commented pos-
itively on the historical elements, and it is shown
that people comment on architectural structures,
collective memory, arts, and museums. In this part,
architecture and museums have the most positive
sentiments. Art and collective memory also have
positive emotions higher than negative. Howev-
er, when comparing the percentage of sentiments
to other topics in history-based attractions, the
negative sentiment percentage of these two topics
is higher than others. In this context, monuments,
structures, and events that express the social memo-
ry of Kazakhstan and Kazakh citizens, as well as art
topics that show Kazakh culture, can be improved to
enhance visitor satisfaction for history-based attrac-
tions in Almaty in the future. Furthermore, carrying
out promotional materials and restoration works for
the relevant areas will significantly increase visitor
loyalty and revisit actions and eWOM in the rele-
vant areas. When considering this situation, our
analysis shows that people tend to write their ex-
pression about history-based attraction considering
the co-occurrence topics. Museum and art topics are
considered together by visitors in their reviews. On
the other hand, collective memory and architecture
tend to be mentioned together. From a destination
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management perspective, handling and taking over
these topics together for tourism planning and poli-
cy in Almaty is better. In restoration and protection
strategies and promotional actions, these topics
should be considered together, and these strategies
should support each other.

In reviews about nature-based attractions, vis-
itors tend to make the highest positive comments
about the landscape, including activities and attrac-
tions such as panoramic views, mountains, lakes,
and skiing. Although the Kazakh and Central Asia
region has important culture-based attractions, na-
ture-based ones take the most satisfied reviews by
tourists, and this type of attraction has an enormous
role in attracting tourists from all over the world.
However, in this context, the comments about the
zoo have a higher negative share in attractiveness
than others. For this reason, strategies such as im-
proving the service quality in natural areas where
animals live, wildlife parks, and zoos, as well as
improving the living spaces of animals, may enable
people who visit these areas to make more positive
comments. When we look at the man-made at-
tractions that humans mainly constructed in recent
years, the reviews about winter tourism and parks
have positive sentiments7. However, the reviews
given in the shopping area were seen to be more
damaging than others. In this context, improve-
ments, infrastructure, superstructure works, and
pricing strategies regarding shopping areas, shop-
ping malls, bazaars, and similar places may increase
the number of reviews regarding this area to a posi-
tive level in the future.

One main limitation encountered in this study
is that most reviews are in English and Russian. For
this reason, it seems to be challenging to reveal the
content of reviews written outside these two lan-
guages and to make comparisons between them.
Furthermore, it wasn’t easy to classify three types
of attractions according to our findings, which were
classified based on current attractions and their re-
view contents in related travel platforms. In this
context, tourist attractions in Almaty should be de-
veloped and diversified, and the existing attractions
should be better marketed to encourage people from
different countries to visit these attractions. In fu-
ture research, researchers can analyze the reviews
on other travel and tourism platforms and use differ-
ent digital sources to reveal different topics and ap-
proaches. In addition, different text mining, natural
language processing, and machine learning models
can be used to reveal different topics and contexts
from scraped data.
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