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Abstract 
Social media and online review platforms provide valuable data for monitoring public perceptions of 
local environments, services, and everyday experiences. This study examines the sentiment orien-
tation, temporal variation, and thematic structure of online comments related to Artvin through a 
multi-platform dataset collected from Facebook, Twitter/X, TikTok, Google Maps, Instagram, and 
YouTube. Artvin was selected as the research context because its natural and cultural attractions, 
mountainous geography, transportation and infrastructure conditions, environmental transfor-
mation processes, and everyday service experiences generate a multidimensional local digital dis-
course. After meaningless and duplicate content was removed, the comments were classified as 
negative, neutral, and positive using a BERT-based Turkish sentiment analysis model, and very short 
comments were additionally filtered at the topic modeling stage. Monthly sentiment scores were 
analyzed through time series and change point analyses, while BERTopic outputs were interpreted 
by grouping representative terms and comments under higher-order themes. The findings indicate 
that negative comments were more dominant in the digital discourse related to Artvin and that a 
statistically significant structural break occurred in February 2023. Topic modeling showed that 
negative discourse mainly focused on artificial or automatically generated content, transportation 
and infrastructure problems, local administration and political discussions, dam/expropriation pro-
cesses, environmental impacts, and economic difficulties. Positive discourse clustered around grat-
itude, good wishes, natural beauty, scenery appreciation, and cultural values. The study shows that 
multi-platform social media analysis can support local public perception monitoring and contribute 
to data-driven regional decision-making processes. 

Keywords: Social media analysis, sentiment analysis, time series analysis, topic mod-
eling, BERT, Artvin 

Öz 

Sosyal medya ve çevrimiçi yorum platformları, bireylerin yerel çevreye, hizmetlere ve gündelik ya-
şam deneyimlerine ilişkin algılarını izlemek için önemli veri kaynakları sunmaktadır. Bu çalışma Art-
vin’e ilişkin çevrimiçi yorumların duygu yönelimini, zamansal değişimini ve tematik yapısını Facebook, 
Twitter/X, TikTok, Google Maps, Instagram ve YouTube’dan elde edilen çok platformlu bir veri kü-
mesi üzerinden incelemektedir. Artvin, doğal ve kültürel çekicilikleri, dağlık coğrafi yapısı, ulaşım ve 
altyapı koşulları, çevresel dönüşüm süreçleri ve gündelik hizmet deneyimleri nedeniyle çok boyutlu 
yerel dijital söylem üreten bir araştırma bağlamı olarak seçilmiştir. Anlamsız ve yinelenen içerikler te-
mizlendikten sonra yorumlar, Türkçe metinler için uygun BERT tabanlı bir duygu analizi modeliyle ne-
gatif, nötr ve pozitif olarak sınıflandırılmış; çok kısa yorumlar ise konu modelleme aşamasında ek filt-
relemeye tabi tutulmuştur. Aylık duygu skorları zaman serisi ve kırılma noktası analizleriyle değerlen-
dirilmiş; BERTopic çıktıları ise temsilî terimler ve yorumlar dikkate alınarak üst temalar altında yo-
rumlanmıştır. Bulgular, Artvin’e ilişkin dijital söylemde negatif yorumların daha baskın olduğunu ve 
Şubat 2023’te istatistiksel olarak anlamlı bir yapısal kırılma meydana geldiğini göstermektedir. Konu 
modelleme sonuçlarına göre negatif söylem daha çok yapay veya otomatik üretilmiş içeriklere yö-
nelik tepkiler, ulaşım ve altyapı sorunları, yerel yönetim ve siyasal tartışmalar, baraj/kamulaştırma sü-
reçleri, çevresel etkiler ve ekonomik zorluklar etrafında yoğunlaşmıştır. Pozitif söylem ise teşekkür, 
iyi dilek, doğal güzellikler, manzara beğenisi ve kültürel değerler çevresinde kümelenmiştir. Çalışma 
çok platformlu sosyal medya analizinin yerel kamu algısının izlenmesine ve veri temelli bölgesel karar 
destek süreçlerine katkı sağlayabileceğini göstermektedir. 

Anahtar Kelimeler: Sosyal medya analizi, duygu analizi, zaman serisi analizi, konu mo-
delleme, BERT, Artvin 

 

 

1 Assist. Prof. Dr., Artvin Coruh University, Faculty of 
Engineering, Department of Computer Engineer-
ing, Artvin, Türkiye 
         

2 Undergraduate Student, Artvin Coruh University, 
Faculty of Engineering, Department of Computer 
Engineering, Artvin, Türkiye 
         
3 Undergraduate Student, Hacettepe University, 
Faculty of Engineering, Department of Geomatics 
Engineering, Ankara, Türkiye 
         
4 Undergraduate Student, Hacettepe University, 
Faculty of Engineering, Department of Geomatics 
Engineering, Ankara, Türkiye 
         

5 Undergraduate Student, Hacettepe University, 
Faculty of Engineering, Department of Geomatics 
Engineering, Ankara, Türkiye 
         

 

Corresponding Author:   
Muhammed Çağrı Aksu 
 

Citation:   
Aksu, M.Ç., Soyar, S., İlkutlu, E.N., Çiftçi, I. & Uludere, 
B. (2026).  Analysis of satisfaction perceptions 
through online comments: The case of Artvin. 
OPUS– Journal of Society Research, 23, e1933468. 
 .https://doi.org/10.26466/opusjsr.1933468 
 
Open Access Statement: 
This is an open-access article distributed under the 
terms of the Creative Commons Attribution Li-
cense (CC BY). This license permits unrestricted 
use, distribution, and reproduction in any medium, 
provided that the original author(s) and the source 
are properly credited. The original publication in 
OPUS Journal of Society Research must be cited in 
accordance with accepted academic practice. 
 
Review Note:  
Evaluated by Double-Blind Peer Review 
 
Ethics Reporting: 
To report potential ethical concerns, contact: 
 editorialoffice@opusjournal.net 
 
Similarity screening was conducted via intihal.net. 

https://doi.org/10.26466/opusjsr.1933468
https://doi.org/10.26466/opusjsr.1933468
mailto:editorialoffice@opusjournal.net
https://orcid.org/0000-0002-8577-4413
https://orcid.org/0009-0002-9316-8410
https://orcid.org/0009-0005-0416-9449
https://orcid.org/0009-0009-6685-4563
https://orcid.org/0009-0005-3035-8307
https://ror.org/02wcpmn42
https://ror.org/02wcpmn42
https://ror.org/04kwvgz42
https://ror.org/04kwvgz42
https://ror.org/04kwvgz42
mailto:cagriaksu@artvin.edu.tr
mailto:slanursoyar@gmail.com
mailto:nisaa.ilkutlu@gmail.com
mailto:isilciftci07@gmail.com
mailto:berrauludere05@gmail.com


 Analysis of satisfaction perceptions through online comments: The case of Artvin 

 2 

Introduction  
 
Monitoring public perception, lived experience, and 
service satisfaction at the local level is important 
for resource prioritization, service design, and pub-
lic communication. Traditional tools such as sur-
veys provide valuable evidence, but they may re-
flect rapid changes in the public agenda with delay 
due to cost, access, sampling, and periodic imple-
mentation constraints. Social media and online re-
view platforms, in contrast, generate continuous 
and high-volume digital traces that reveal users’ 
spontaneously expressed experiences and atti-
tudes toward places, services, and events. These 
traces offer a useful basis for monitoring the multi-
thematic agenda of a local context over time. 

Previous studies have shown that user-gener-
ated content can affect perception and preference 
behavior and that satisfaction and image compo-
nents can be examined through online reviews (Ay-
dın, 2016; Belber & Eker, 2022; Eren & Kuvvetli, 
2017). This is especially visible in tourism and ser-
vice experience studies, where online reviews pro-
vide insights into destination image and perceived 
service quality. In the context of Artvin, social me-
dia data have been evaluated through touristic lo-
cations, and artificial intelligence-based ap-
proaches have been discussed for tourism deci-
sion support (Aksu & Karaman, 2022). Similarly, 
sentiment analysis and topic extraction on restau-
rant reviews in Artvin have shown that online feed-
back can reveal local service experience compo-
nents (Durmuş, 2022). However, the local agenda is 
not limited to tourism or service experience. Online 
platforms also reflect transportation and infra-
structure, local governance, economic conditions, 
environmental debates, and everyday life experi-
ences. Therefore, a multi-platform and multi-year 
analysis can provide a broader and more continu-
ous understanding of local public perception. 

Sentiment analysis is one of the main compo-
nents of this type of monitoring. It aims to auto-
matically determine subjective orientation in texts, 
yet both lexicon-based and supervised classifica-
tion-based approaches may face errors caused by 
context dependency, irony, and domain-specific 

vocabulary (Pang & Lee, 2008). With the develop-
ment of Transformer architectures, pre-trained 
language models have become widely used in text 
classification. BERT, in particular, has become a 
strong backbone for classification tasks because 
of its bidirectional contextual representations and 
domain adaptability (Devlin et al., 2019). In Turkish 
social media texts, however, morphological rich-
ness, spelling variation, abbreviations, slang, emo-
jis, and platform-specific tags create challenges 
for data preparation and model generalizability. 
Studies on Turkish tweet sentiment analysis show 
that BERT-like models can produce applicable re-
sults for short social media texts (Yürütücü & 
Demir, 2023), while also indicating that model per-
formance may vary according to dataset charac-
teristics and training strategies (Arzu & Aydoğan, 
2023). Moreover, preprocessing decisions may af-
fect Turkish sentiment analysis results differently 
across datasets, making methodological transpar-
ency important (Görmez et al., 2024). Recent work 
also suggests that general-domain models may be 
limited for noisy and short social media texts and 
that social media-specific pretraining may offer 
performance and inference-cost advantages 
(Najafi & Varol, 2024). 

Although sentiment analysis summarizes 
whether comments are positive, negative, or neu-
tral, it does not fully explain the content areas 
through which these orientations are formed. 
Topic modeling is therefore needed to identify the 
thematic structure underlying sentiment. LDA, one 
of the classical approaches, models latent themes 
through document-word distributions (Blei et al., 
2003). However, for short and heterogeneous so-
cial media texts, contextual embedding-based 
methods may improve topic coherence and inter-
pretability (Bianchi et al., 2021). In this framework, 
BERTopic has become a useful approach for pro-
ducing more interpretable topic clusters in short 
texts. Turkish examples show that BERTopic can 
support the dynamic tracking of customer com-
plaint themes (Koruyan, 2022), and comparative 
work on Twitter data related to the February 6, 
2023 earthquake indicates that BERTopic may 
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provide stronger topic elaboration and differentia-
tion than LDA in certain contexts (Karadaş et al., 
2025). Thus, in local online discourse monitoring, it 
is important to examine not only how positive or 
negative the discourse is, but also through which 
themes it is constructed. 

The temporal dimension of sentiment is also im-
portant for identifying when local online discourse 
changes. Social media sentiment series often fluc-
tuate due to events, agenda shifts, and platform 
dynamics. For this reason, possible regime 
changes should be tested statistically rather than 
interpreted only through visual inspection. Change 
point detection is a well-established approach for 
identifying abrupt changes in time-series charac-
teristics such as mean or distribution (Amini-
khanghahi & Cook, 2017). The PELT method is par-
ticularly useful for detecting multiple breakpoints 
efficiently in large datasets because of its near-lin-
ear computational cost (Killick et al., 2012). In social 
media research, change point analysis has been 
used to identify turning points in sentiment time 
series, showing that sentiment–time series inte-
gration can quantitatively track event-related 
shifts (Theocharopoulos et al., 2023). This ap-
proach can therefore support the systematic iden-
tification of periods in which local digital discourse 
changes. 

Artvin was selected as the research setting be-
cause it combines multiple dimensions of local dis-
cussion, including natural and cultural attractions, 
tourism, transportation, infrastructure, environ-
mental transformation, public services, and eco-
nomic conditions. Its mountainous geography, nat-
ural beauty, tourism potential, transformations 
around the Çoruh Basin, and everyday service ex-
periences make Artvin a meaningful case for mon-
itoring online public perception. In this respect, 
Artvin generates digital discourse not only through 
tourist appreciation and destination image, but 
also through infrastructure, transportation, health, 
environment, economic life, and local governance. 
Multi-platform comments related to Artvin there-
fore provide an appropriate empirical basis for ex-
amining sentiment orientations, temporal changes, 
and thematic patterns at the local level. 

The literature indicates three main gaps in the 
context of Artvin. First, integrated studies that an-
alyze multi-platform user comments about a local 
geographical unit through a sentiment–time–
theme framework remain limited. Existing studies 
generally focus on a single platform or a specific 
sub-context. Second, since many Turkish senti-
ment analysis studies rely on short time intervals, 
structural break analysis in multi-year sentiment 
series is relatively rare. Third, reproducible meth-
odological designs that combine sentiment classi-
fication, change point detection, and topic model-
ing within a local-scale data science framework are 
still limited. This study addresses these gaps 
through a long-term, multi-platform dataset and an 
integrated analytical design. 

Accordingly, this study aims to examine to-
gether (i) the long-term trajectory of sentiment po-
larity, (ii) structural breaks in monthly sentiment 
scores, and (iii) the thematic patterns in which pos-
itive and negative comments are concentrated, 
based on multi-platform social media comments 
related to Artvin. Within this scope, the following 
research questions were addressed: 

RQ1: What pattern does the long-term senti-
ment orientation of multi-platform social media 
comments related to Artvin exhibit in terms of pos-
itive, neutral, and negative classes and continuous 
sentiment scores? 

RQ2: Are there statistically significant struc-
tural breaks in the monthly sentiment time series, 
and how do the pre-break and post-break periods 
differ? 

RQ3: Under which main themes do positive and 
negative comments cluster, and which dimensions 
of the local context do these themes reflect? 

In summary, this study applies Transformer-
based sentiment classification to long-term, multi-
platform Turkish user comments, converts senti-
ment scores into a monthly time series, tests re-
gime differentiation through change point analysis, 
and combines sentiment classes with topic model-
ing. In this way, the study contributes to local-level 
digital discourse monitoring by examining online 
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discourse related to Artvin not only in terms of sen-
timent direction, but also in terms of thematic con-
tent and temporal change. 
 
Materials and Methods 
 
This study adopted a data-driven research design 
combining quantitative content analysis, machine 
learning-based sentiment classification, time se-
ries analysis, change point detection, and topic 
modeling to examine online comments related to 
Artvin. The analytical process was structured ac-
cording to the CRISP-DM methodology, which is 
widely used in data mining studies (Wirth & Hipp, 
2000). The workflow consisted of data collection, 
preprocessing, sentiment classification, temporal 
analysis, change point detection, topic modeling, 
and integrated interpretation of the findings. 

The dataset consisted of user comments col-
lected from multiple social media and online review 
platforms between 10.04.2013 and 10.02.2026. 
The multi-platform structure enabled the analysis 
of comments produced in different interaction 
contexts within a common framework. After clean-
ing the raw data, a BERT-based Turkish sentiment 
analysis model was used to assign sentiment labels 
and scores to each comment. Monthly sentiment 
scores were then calculated for time series analy-
sis, and change point detection was applied to 
identify structural shifts. Finally, BERTopic was 
used separately on positive and negative com-
ments to reveal the thematic structure of the dis-
course. The general workflow of the study is pre-
sented in Figure 1. 

 
Figure 1. Research workflow and analysis process 
 

Data Collection Process and Ethics 
 
The dataset was created from publicly accessible 
comments related to Artvin. For each record, only 
comment text, posting date, and platform infor-
mation were included in the analytical dataset. 
These variables formed the basis for sentiment 
analysis, time series analysis, and topic modeling. 

Data collection was conducted through Apify, a 
third-party API-based data collection platform 
(Apify, n.d.). Only textual content available in public 
posts, videos, location pages, and comment fields 
was considered. Closed accounts, private groups, 
personal messages, and content requiring special 
access permission were excluded. Usernames, 
profile links, user IDs, contact information, device 
information, and similar personally identifiable data 
were not transferred to the analytical dataset. 

The raw dataset covered the period from 
10.04.2013 to 10.02.2026 and included 37,744 
comments. The platform distribution was as fol-
lows: Facebook (11,234), Twitter/X (10,010), TikTok 
(7,428), Google Maps (5,076), Instagram (2,794), 
and YouTube (1,202). This structure indicates that 
the study was not limited to a single platform, but 
reflected a heterogeneous set of online comment-
ing practices. 

Since the dataset covers a long period, changes 
in platform access policies, API restrictions, search 
and visibility algorithms, and historical data availa-
bility were considered as methodological limita-
tions. Therefore, the dataset should not be inter-
preted as the complete universe of online dis-
course related to Artvin. Rather, it represents pub-
licly accessible multi-platform comments retrieva-
ble through a third-party API-based tool within the 
specified date range. 

Ethically, the study was based on aggregated 
and anonymized analysis. No attempt was made to 
identify individual users, and the results were re-
ported only through sentiment distributions, 
monthly averages, change point findings, and 
theme-level patterns. In line with the principle of 
data minimization, personal or technical infor-
mation not required for the research questions was 
excluded. 
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Data Preprocessing 
 
Before analysis, the raw comments were subjected 
to a multi-stage preprocessing procedure. First, 
date fields were checked and standardized for use 
in time series and change point analyses. No inva-
lid-date records were identified. 

Second, text fields were examined in terms of 
analytical relevance. Empty, meaningless, or func-
tionally uninformative comments were removed, 
resulting in the exclusion of 783 records. Very 
short comments, especially those containing two 
words or fewer, were also flagged because of their 
limited value for topic modeling. These comments 
accounted for approximately 19.01% of the re-
maining dataset after excluding meaningless rec-
ords. 

Third, duplicate records were identified and re-
moved to prevent repeated content from biasing 
the results. The duplication rate was approximately 
20.81% of the remaining dataset after excluding 
meaningless records, and 7,692 duplicate records 
were deleted. After preprocessing, the dataset 
was reduced from 37,744 to 29,269 comments for 
sentiment and time series analyses. For topic mod-
eling, additional filtering was applied to improve 
thematic separation, and 21,129 comments were 
used. 

Descriptive indicators also showed that the da-
taset was dominated by short comments. The av-
erage comment length was 76.73 characters and 
10.97 words, while the median values were 43 
characters and 6 words. This right-skewed struc-
ture confirms the importance of duplicate removal 
and low-information text filtering before senti-
ment and topic analyses. 
 
Sentiment Analysis 
 
A deep learning-based sentiment classification ap-
proach was used to determine the sentiment ori-
entation of the comments. The BERT-based model 
incidelen/bert-base-turkish-sentiment-analysis-
cased, developed for Turkish texts, was used for 
classification (İncidelen & Aydoğan, 2025). The 

model classified comments into three categories: 
negative, neutral, and positive. 

For each comment, class probabilities were ob-
tained and normalized through the Softmax func-
tion. The final sentiment label was assigned ac-
cording to the highest probability. In addition to 
class labels, a continuous sentiment score was cal-
culated by subtracting the negative-class probabil-
ity from the positive-class probability. Thus, scores 
ranged from -1 to +1, where values closer to -1 indi-
cate negative sentiment, values closer to +1 indi-
cate positive sentiment, and values around zero in-
dicate neutral or mixed sentiment. 

The model outputs consisted of three variables 
for each comment: sentiment label, highest class 
probability, and continuous sentiment score. 
These outputs were used for overall sentiment dis-
tribution, monthly aggregation, change point anal-
ysis, and sentiment-specific topic modeling. 

To evaluate the applicability of the model to this 
dataset, a manual validation procedure was con-
ducted. A stratified random validation subset of 
300 comments was created by selecting 100 com-
ments from each model-predicted class. These 
comments were re-annotated by the researcher 
according to the same three-class coding scheme. 
The researcher-assigned labels were then com-
pared with the model outputs using accuracy, pre-
cision, recall, F1-score, and a confusion matrix. 

After sentiment classification, 15,148 com-
ments were classified as negative, 7,880 as neu-
tral, and 6,241 as positive. These class labels and 
sentiment scores formed the basis for the subse-
quent analyses. 
 
Time Series Analysis and Change Point Detec-
tion 
 
The continuous sentiment score of each comment 
was combined with its posting date and aggre-
gated by month. Monthly average sentiment 
scores were calculated to reduce the effect of daily 
or weekly fluctuations and to make the underlying 
trend more interpretable (Basseville & Nikiforov, 
1993). A three-month moving average was also 
calculated for visual interpretation, but statistical 
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tests were conducted on the original monthly aver-
ages rather than the smoothed series. 

Change point analysis was applied to determine 
whether the monthly sentiment series contained a 
structural shift. The analysis identified February 
2023 as the main breakpoint. This date was then 
used to divide the series into pre-break and post-
break periods. 

Because the distributional assumptions of 
monthly sentiment scores may not always be met 
and the number of observations differed across 
periods, the Mann–Whitney U test was used to 
compare the pre-break and post-break periods 
(Mann & Whitney, 1947). The significance level was 
set at α = 0.05, and Bonferroni correction was con-
sidered when multiple comparisons were required 
(Dunn, 1961). In addition, Cliff’s delta was calcu-
lated to evaluate the practical magnitude of the dif-
ference between periods (Cliff, 1993). 

The pre-break mean sentiment score was -
0.0027, while the post-break mean was -0.2865. 
The difference was statistically significant (Mann–
Whitney U = 2752.0, p < 0.001), and the effect size 
was strong (Cliff’s delta = 0.699). Since the pre-
break mean was very close to zero, percentage 
change was interpreted cautiously. Therefore, the 
interpretation mainly relied on period means, 
Mann–Whitney U results, and Cliff’s delta. Data or-
ganization, aggregation, visualization, and statisti-
cal analyses were conducted using Python-based 
data analysis tools. 
 
Topic Modeling Procedure 
 
Topic modeling was conducted to identify the con-
tent areas around which positive and negative 
comments clustered. Based on the sentiment la-
bels obtained from the BERT-based classification 
stage, comments classified as negative and posi-
tive were analyzed as two separate subsets. This 
approach made it possible to examine the thematic 
foundations of negative and positive discourse 
comparatively. 

The BERTopic approach was preferred because 
it can produce semantically grounded and inter-

pretable topic clusters in short and context-sensi-
tive texts (Grootendorst, 2022). Since BERTopic is 
sensitive to embedding quality, vectorization 
choices, and clustering parameters, the parameter 
settings were determined by considering both the 
size of the dataset and the interpretability of the 
resulting clusters. Text embeddings were gener-
ated using the Sentence-Transformer-based para-
phrase-multilingual-MiniLM-L12-v2 model be-
cause of its multilingual capability and suitability 
for Turkish texts (Reimers & Gurevych, 2019). 
Thus, comments were grouped not only according 
to lexical similarity, but also according to semantic 
proximity. 

Before topic modeling, an additional thematic 
cleaning process was applied. Links, user men-
tions, unnecessary symbols, general Turkish stop 
words, and frequent but weakly discriminative so-
cial media expressions were removed. In the vec-
torization stage, CountVectorizer was used with a 
unigram + bigram structure (ngram_range = (1,2)). 
To reduce noise, min_df = 2 was used for very rare 
terms, while max_df = 0.95 was used for overly 
common terms. 

Separate BERTopic models were run for nega-
tive and positive comments. In both models, the 
nr_topics = “auto” setting was used so that the 
number of topics could be determined according 
to the structure of each subset. In addition, 
BERTopic’s outlier-reduction mechanism and c-
TF-IDF-based reassignment strategy were applied 
to reduce noisy assignments and improve topic 
representations. 

The minimum topic size was determined sepa-
rately for each sentiment-specific subset because 
the negative and positive datasets differed sub-
stantially in size. The negative topic-modeling sub-
set included 12,018 comments, whereas the posi-
tive subset included 5,383 comments. Accord-
ingly, min_topic_size = 100 corresponded to ap-
proximately 0.83% of the negative subset, while 
min_topic_size = 30 corresponded to approxi-
mately 0.56% of the positive subset. Thus, the 
thresholds were not selected arbitrarily, but were 
defined proportionally by considering subset size, 
topic stability, and interpretability. 
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This parameter choice was also necessary to 
avoid two methodological problems. If the same 
absolute threshold used for negative comments 
had been applied to the positive subset, smaller but 
semantically meaningful positive topics could have 
been excluded. Conversely, if a very low threshold 
had been applied to the larger negative subset, the 
model could have produced many small and frag-
mented clusters, reducing thematic interpretabil-
ity. Therefore, the thresholds were used to obtain 
sufficiently large, semantically coherent, and inter-
pretable topics within each sentiment class, rather 
than to compare the raw number of topics be-
tween negative and positive comments. 

BERTopic outputs were evaluated using topic 
size, representative words, and representative 
texts. The label -1 was treated as outlier/noise and 
was not included in thematic interpretation. To in-
crease interpretability, model-generated topics 
were grouped under higher-order themes. In this 
process, each topic was first examined in terms of 
its c-TF-IDF-based representative terms, topic 
size, and representative comments. Then, topics 
with conceptual similarity and common relevance 
to the local context of Artvin were grouped under 
broader themes. 

Theme names were not generated automati-
cally by the model. Instead, they were determined 
through researcher interpretation by considering 
representative terms, example comments, seman-
tic proximity among topics, and relevance to the lo-
cal context. Therefore, word frequency alone was 
not used as the basis for theme naming. This pro-
cedure made it possible to move beyond general 
sentiment distribution and identify the specific 
content areas toward which positive and negative 
evaluations were directed. 
 
Results and Discussion 
 
In this section, the findings are presented in four 
stages: descriptive characteristics of the dataset, 
sentiment analysis results, temporal sentiment 
trends and breakpoint findings, and topic modeling 
outputs. This structure allows the results to be in-
terpreted from the general data profile toward 

sentiment distribution, temporal change, and the-
matic content. 
 
Descriptive Findings of the Dataset 
 
The raw dataset consisted of 37,744 social media 
comments covering the period from 10.04.2013 to 
10.02.2026. As shown in Table 1, the comments 
were collected from six platforms: Facebook, Twit-
ter/X, TikTok, Google Maps, Instagram, and 
YouTube. The highest number of comments came 
from Facebook and Twitter/X, followed by TikTok 
and Google Maps. This distribution indicates that 
the analysis was not limited to a single platform, 
but reflected different online interaction environ-
ments. 
 
Table 1. General characteristics of the dataset and 
platform distribution  

Variable Value 
Date range 10.04.2013 – 10.02.2026 
Raw data (number of comments) 37,744 
Number of platforms 6 
Facebook 11,234 
Twitter/X 10,010 
TikTok 7,428 
Google Maps 5,076 
Instagram 2,794 
YouTube 1,202 

Text-length statistics are presented in Table 2. 
The mean comment length was 76.73 characters 
and 10.97 words, while the median values were 43 
characters and 6 words. This shows that the da-
taset was dominated by short comments, which is 
typical of social media data. In the preprocessing 
stage, after excluding meaningless records, 
19.01% of the remaining comments contained two 
words or fewer, indicating that a considerable part 
of the dataset had limited contextual content. 
 
Table 2. Descriptive statistics on text length in the raw 
dataset 

Statistic Character 
length 

Word 
length 

Number of observations (n) 37,744 37,744 
Mean 76.73 10.97 
Standard deviation 122.70 16.80 
Minimum 1.00 1.00 
1st percentile 3.00 1.00 
5th percentile 3.00 1.00 
Median (50%) 43.00 6.00 
95th percentile 258.00 36.00 
99th percentile 508.57 71.00 
Maximum 4109.00 509.00 
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The preprocessing results are summarized in 
Table 3. No invalid-date records were identified. 
However, 783 meaningless or functionally unin-
formative records and 7,692 duplicate records 
were removed. After preprocessing, 29,269 com-
ments remained for sentiment and time series 
analyses. For topic modeling, additional filtering 
was applied, and 21,129 comments were used. 
These steps were important for reducing noise and 
improving the reliability of the subsequent anal-
yses. 
 
Table 3. Data cleaning (preprocessing) steps and 
record counts 
Cleaning step / indicator Record count 
Initial number of records 37,744 
Removed due to meaningless text 783 
Very short texts (flagged for topic modeling) 7,028 
Removed due to duplicate records 7,692 
Final dataset (for sentiment/time series analysis) 29,269 
Number of records used for topic modeling 21,129 
Proportion of very short comments (≤2 words) 19.01% 
Duplication rate 20.81% 
 
Sentiment Analysis Findings 
 
Before interpreting the sentiment distribution of 
the final dataset, the performance of the BERT-
based sentiment analysis model was evaluated 
through a manual validation procedure. For this 
purpose, a stratified random validation subset con-
sisting of 300 comments was created by selecting 
100 comments from each of the model-predicted 
negative, neutral, and positive classes. These com-
ments were then re-annotated by the researcher 
according to the same three-class coding scheme, 
and the researcher-assigned labels were com-
pared with the model predictions. 

The overall validation results are presented in 
Table 4. The model achieved an accuracy of 0.887. 
The macro precision, macro F1-score, and 
weighted F1-score values were also 0.887, while 
macro recall was 0.893. These values indicate that 
the model produced generally consistent and bal-
anced results across the three sentiment classes. 
 
 
 
 

Table 4. Manual validation results of the sentiment 
analysis model 
Indicator Value 
Validation sample 300 comments 
Accuracy 0.887 
Macro Precision 0.887 
Macro Recall 0.893 
Macro F1-score 0.887 
Weighted F1-score 0.887 

 
Class-based performance values are presented 

in Table 5. The negative class had a high recall 
value of 0.99, indicating that the model correctly 
captured most comments coded as negative by 
the researcher. The positive class had a high preci-
sion value of 0.98, showing that comments pre-
dicted as positive by the model largely overlapped 
with researcher coding. The neutral class produced 
relatively lower but still acceptable values. This is 
expected because neutral social media comments 
often include ambiguous, short, descriptive, or 
weakly evaluative expressions. 
 
Table 5. Class-based performance results of the 
sentiment analysis model 
Class Precision Recall F1-score Support 
Negative 0.87 0.99 0.93 88 
Neutral 0.81 0.86 0.84 94 
Positive 0.98 0.83 0.90 118 
Accuracy   0.89 300 
Macro avg 0.89 0.89 0.89 300 
Weighted avg 0.89 0.89 0.89 300 

 
The confusion matrix in Table 6 provides a more 

detailed view of the agreement between the re-
searcher-assigned labels and the model predic-
tions. The rows represent the labels assigned by 
the researcher, while the columns represent the la-
bels predicted by the model. 
 
Table 6. Confusion matrix of the sentiment analysis 
model 
Researcher label / Model label Negative Neutral Positive 
Negative 87 1 0 
Neutral 11 81 2 
Positive 2 18 98 

 
As shown in Table 6, the model correctly classi-

fied most negative and positive comments. Of the 
88 comments coded as negative by the re-
searcher, 87 were also predicted as negative by 
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the model. Similarly, 98 of the 118 positive com-
ments were correctly classified. More transitions 
were observed in the neutral class, where 11 com-
ments were classified as negative and 2 as posi-
tive. In addition, 18 positive comments were classi-
fied as neutral. These results suggest that the 
model performed strongly in detecting clear posi-
tive and negative sentiment, while neutral expres-
sions were more difficult to distinguish because of 
their ambiguous and context-dependent structure. 

Overall, the manual validation findings support 
the applicability of the BERT-based model to the 
Artvin dataset. The accuracy, F1-score values, and 
confusion matrix indicate that the model outputs 
are sufficiently reliable for use in the subsequent 
time series, breakpoint, and topic modeling anal-
yses. 

The sentiment distribution of the final dataset is 
presented in Figure 2. Of the 29,269 comments, 
15,148 were classified as negative, 7,880 as neu-
tral, and 6,241 as positive. This corresponds to 
51.76% negative, 26.92% neutral, and 21.33% pos-
itive comments. The dominance of negative senti-
ment suggests that online discourse related to 
Artvin was largely shaped by criticism, complaints, 
and dissatisfaction. This finding is consistent with 
the literature indicating that social media is fre-
quently used for expressing complaints and nega-
tive experiences (Sigurdsson et al., 2021), while 
also reflecting broader evaluative content (Pang & 
Lee, 2008). 

 
Figure 2. Distribution of sentiment classes in the final 
dataset 

 
The relatively high share of neutral comments 

also deserves attention. It shows that the dataset 
included not only clear evaluations but also infor-
mational, descriptive, questioning, or weakly emo-

tional expressions. This is consistent with the het-
erogeneous and short-text nature of social media 
data. Although Transformer-based models provide 
strong contextual representations, class bounda-
ries may still be affected by dataset characteris-
tics, training strategies, and preprocessing deci-
sions (Arzu & Aydoğan, 2023; Devlin et al., 2019; 
Görmez et al., 2024). Therefore, the sentiment dis-
tribution should not be interpreted as a direct 
measurement of the overall public attitude toward 
Artvin, but as an indicator of how Artvin-related 
discourse appears across publicly accessible 
online platforms. 
 
Temporal Sentiment Trends and Breakpoint 
Findings 
 
The continuous sentiment scores calculated for 
each comment were aggregated at the monthly 
level in order to examine the temporal trajectory of 
online discourse related to Artvin. The change in 
monthly average sentiment scores over time, to-
gether with the moving-average curve and the 
segment means derived from breakpoint analysis, 
is presented in Figure 3. Figure 3 shows that the se-
ries exhibited a fluctuating structure throughout 
the study period, but that after a certain date the 
average level shifted toward a more negative re-
gime. Such short-term fluctuations are expected in 
social-media-based sentiment series because 
online sentiment production is often sensitive to 
agenda topics, events, and platform dynamics. 
Therefore, rather than evaluating the trend only 
through visual inspection, statistically testing pos-
sible regime changes provides a stronger analyti-
cal approach (Aminikhanghahi & Cook, 2017). 

 
Figure 3. Time series and breakpoint of the monthly av-
erage sentiment scores of social media comments. 
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The breakpoint analysis identified the main 
structural breakpoint in the series as February 
2023 (2023-02). Change point methods provide an 
effective framework for detecting abrupt changes 
in time-series characteristics such as mean or dis-
tribution (Aminikhanghahi & Cook, 2017). Among 
these approaches, PELT is frequently used be-
cause it enables efficient breakpoint detection 
with near-linear computational cost (Killick et al., 
2012). In this study, breakpoint analysis was used 
to test whether the visually observed increase in 
negativity corresponded to a statistically sup-
ported regime change. 

 

 
The comparative statistics for the pre-break 

and post-break periods are presented in Table 7. 
The average sentiment score was -0.0027 in the 
pre-break period (2013-04 to 2023-01; n = 90 
months), whereas it was -0.2865 in the post-break 
period (2023-02 to 2026-02; n = 36 months). The 
difference between the two periods was statisti-
cally significant (Mann–Whitney U = 2752.0; p < 
0.001). Cliff’s delta was calculated as 0.699, indi-
cating that the observed difference was not only 
statistically significant but also practically strong. 
This finding supports the interpretation that com-
ments related to Artvin shifted into a more nega-
tive sentiment regime after February 2023. 

Since the pre-break average was very close to 
zero, percentage-based change indicators had lim-
ited interpretive value. Therefore, the magnitude 
and direction of the change were evaluated mainly 
through segment means, the Mann–Whitney U 
test, and Cliff’s delta. This result indicates that the 
predominance of negative sentiment was not 
merely a static distributional feature, but also re-
flected a temporal shift after a specific point. This 
interpretation is consistent with studies that gen-
erate sentiment predictions from social media 
texts, derive time series, and identify turning points 
through change point analysis; such studies show 

that sentiment–time series integration can make 
event-related shifts quantitatively visible (Theo-
charopoulos et al., 2023). 

To enable a more detailed visual evaluation of 
the change point, the period around February 2023 
was also examined separately. In this context, the 
monthly average sentiment scores and three-
month moving average values for the period be-
tween January 2022 and December 2023 are pre-
sented in Figure 4. This focused interval makes it 
possible to observe the pattern immediately be-
fore and after the detected breakpoint more 
clearly. 

 
Figure 4. Monthly average sentiment scores and 3-
month moving average around the February 2023 
change point 

 
As shown in Figure 4, monthly average senti-

ment scores began to cluster within a more nega-
tive range after February 2023. The downward 
tendency of the three-month moving average 
curve after the change point also indicates that the 
change was not merely the result of isolated 
monthly fluctuations, but pointed to a more persis-
tent trend toward negativity. Taken together, Fig-
ure 3, Figure 4, and Table 7 show that there was a 
statistically significant structural break in the sen-
timent pattern of social media comments related 
to Artvin as of 2023-02 and that the discourse re-
mained at a more negative level thereafter. 
 
 
 

Table 7. Comparison of monthly sentiment scores before and after the breakpoint. 
Period Time range n (months) Mean senti-

ment score 
Mann–
Whitney U 

p Cliff’s 
delta (δ) 

Pre-break 2013-04 – 2023-01 90 -0.0027 
   

Post-break 2023-02 – 2026-02 36 -0.2865 
   

Pre–post comparison 
   

2752.0 < 0.001 0.699 
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Topic Modeling Findings 
 
In this section, the findings of the BERTopic-based 
topic modeling analysis conducted on comments 
classified as negative and positive following the 
sentiment analysis are considered together. In 
short and heterogeneous social media texts, pure 
sentiment distribution answers the question of 
“how negative/how positive?”, whereas topic mod-
eling makes visible the question of “through which 
content axes are these sentiments produced?” Alt-
hough classical generative topic modeling ap-
proaches such as LDA provide a strong framework 
for extracting latent themes from texts (Blei et al., 
2003), evidence suggesting that contextual em-
beddings can strengthen thematic separation and 
increase topic coherence in short texts such as so-
cial media content supports the preference for ap-
proaches such as BERTopic (Bianchi et al., 2021). 
Applications conducted in the Turkish context also 
report that BERTopic can produce more detailed 
and interpretable thematic clusters in short and 
noisy texts (Karadaş et al., 2025; Koruyan, 2022). In 
this study as well, the outputs of topic modeling 
were evaluated separately for each sentiment po-
larity, and the topics were interpreted on the basis 
of representative terms and representative com-
ments before being merged under broader 
themes. The theme distributions and topic corre-
spondences in negative and positive comments 
are presented in Table 8 and Table 9, respectively. 
 
Thematic Structure in Negative Comments 
 
Topic modeling was conducted separately for neg-
ative and positive comments in order to identify 
the thematic foundations of sentiment polarity. 
The main themes obtained from negative com-
ments are presented in Table 8. The largest theme 
was “Reactions to artificial/automatically gener-
ated content” (25.96%), followed by “Transporta-
tion and Infrastructure Problems” (20.08%) and 
“Local Administration and Political Discourses” 
(13.27%). Together, these three themes accounted 
for a large part of the negative discourse. 

This result shows that negative sentiment was 
not produced only through direct dissatisfaction 
with local services or places. It was also associated 
with content credibility, platform-specific reac-
tions, infrastructure problems, and governance-re-
lated evaluations. Other themes, such as dam/ex-
propriation and environmental impacts, economic 
hardship, environmental degradation, street ani-
mals, food-service dissatisfaction, and health-ser-
vice complaints, indicate that negative discourse 
extended across multiple dimensions of local life. 
 
Table 8. Main themes and representative terms in neg-
ative comments 

Theme c-TF-IDF-based r 
epresentative terms 

Total 
(n) 

Share 
(%) 

Reactions to artifi-
cial/automatically ge-
nerated content 

hiç, ren, böyle, bile, be, şimdi, bak, 
geyiği, ren geyiği, bunlar 3120 25.96 

Transportation and 
Infrastructure Prob-
lems 

yol, yolu, yer, güzel, kötü, cam, 
park, yollar, teras, her, ev, bina, 
sağlam, beyaz, evler, evi, tünelden, 
önceki beyaz, tünelden önceki, ev-
leri 

2413 20.08 

Local administration 
and political discour-
ses 

oy, chp, devlet, belediye, akp, ülke, 
başkan, olsun, her, başka, sayın, 
yazıklar, yazıklar olsun, hangi, za-
man, bilgi, kaç, bende, hanım 

1595 13.27 

Dam/expropriation 
and environmental 
impacts 

su, baraj, barajı, suyu, çoruh, yusu-
feli, nehri, nehir, altında, sular 812 6.76 

Critical discourses di-
rected at a specific 
academic figure 

öğretim, üyesi, öğretim üyesi, üni-
versite, keşke, eğitim, kyk, okul, 
meslek, vah 

673 5.60 

Post-event expressi-
ons of consolation 
and good wishes 

allah, olsun, geçmiş, geçmiş olsun, 
versin, olsun allah, korusun, bete-
rinden, inşallah, beterinden koru-
sun 

576 4.79 

Economic hardship, 
cost of living, and 
price increase disco-
urses 

para, zam, bin, tl, iş, lira, vergi, 
emekli, sonra, her 574 4.78 

Environmental degra-
dation and nature 
conservation discour-
ses 

plastik, toprağa, imha, tarım, do-
ğaya, zarar, kasaları, plastik kasa-
ları, bakanlığı, plastikleri, orman, 
ağaç, ağacı, ormanları, ağaçlar, ho-
cam, ağacın, yangın, ağaçları, yeşil 

512 4.26 

National/ethnic iden-
tity discourses 

türk, türkiye, gürcü, gürcüler, 
ahıska, müslüman, laz, türkiye ye 415 3.45 

Street animals and 
animal welfare 

köpek, hayvan, kedi, sokak, hay-
vanları, hayvanlar, köpekleri, hay-
vanların, başıboş, tüm 

413 3.44 

Food-service expe-
rience and dissatis-
faction 

yemek, ekmek, yemeği, kayma-
kam, sonra, fasulye, peynir, beğen-
medim, tatlı, aç 

363 3.02 

Gender-based stu-
dent discourses/de-
bates 

kızlar, erkekler, erkek, kız, erkekle-
rin, adalet, burda, kadın, yapsa, 
hala 

290 2.41 

Complaints related to 
health services/health 
problems 

hastane, doktor, sağlık, hasta, dev-
let, hastanesi, hastahane, dr 262 2.18 

Note. Theme labels were translated into English for reporting pur-
poses, whereas the representative words were retained in their 
original Turkish form in order to preserve the semantic specificity of 
the BERTopic outputs and to avoid distortions that might arise from 
literal translation. 
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The presence of post-event consolation and 
good-wish expressions among negative com-
ments also suggests that negative sentiment did 
not always correspond to anger or complaint. In 
some cases, it reflected sorrow, loss, concern, or 
support-oriented discourse. Therefore, the nega-
tive comment structure should be interpreted as a 
broad expression space covering complaint, reac-
tion, concern, and social sensitivity. 
 
Thematic Structure in Positive Comments 
 
The thematic distribution of positive comments is 
shown in Table 9. The most frequent theme was 
“Expressions of thanks, prayers, and good wishes” 
(41.19%). This indicates that a substantial part of 
positive sentiment was expressed through short, 
formulaic, and socially affirmative expressions. 

The second and third most frequent themes 
were “Appreciation of natural beauty and scenery” 
(19.73%) and “Nature activities and open-air expe-
rience” (16.64%). These themes show that positive 
discourse related to Artvin was strongly associ-
ated with natural beauty, scenery, the Çoruh River, 
camping, outdoor activities, and place-based ap-
preciation. This finding is consistent with Artvin’s 
identity as a city known for its natural and cultural 
landscape. 

Other positive themes included service satis-
faction and appreciation of effort, praise and suc-
cess expressions, national/ethnic identity and 
homeland discourses, and evaluations related to 
city image and urban amenities. These findings 
suggest that positive comments were shaped 
mainly by gratitude, appreciation, nature-oriented 
satisfaction, and supportive expressions, while ur-
ban and service-related evaluations remained 
more limited. 

Overall, the topic modeling results show that 
negative and positive comments differed not only 
in sentiment polarity but also in their thematic 
foundations. Negative discourse was more closely 
related to complaint, reaction, infrastructure, gov-
ernance, environmental issues, and content trust-
worthiness. Positive discourse, on the other hand, 
was largely shaped by gratitude, approval, natural 

beauty, scenery, and open-air experiences. This 
confirms the importance of combining sentiment 
analysis with topic modeling when interpreting lo-
cal online discourse. 
 
Table 9. Main themes and representative terms in pos-
itive comments 

Theme c-TF-IDF-based representative terms Total 
(n) 

Share 
(%) 

Expressions of 
thanks, pra-
yers, and good 
wishes 

olsun, allah, razı, razı olsun, hayırlı, inşallah, 
allah razı, emeği, teşekkür, maşallah, helal, 
helal olsun, seni, bende, gerek, hep, iyi, ca-
nım, teşekkür ederim, ederim, öyle, hayır-
lısı, yakında, hasret, hesap, ilk, tam 

2217 41.19 

Appreciation of 
natural beauty 
and scenery 

yer, doğa, harika, muhteşem, gereken, 
manzara, güzel yer, görülmesi, harikası, 
görülmesi gereken, atatürk, büyük, hey-
keli, atatürk heykeli, dünyanın, dünyanın 
büyük, heykel, heykelini, atatepe, kahveci-
oğlu 

1062 19.73 

Nature activi-
ties and open-
air experience 

çoruh, su, kamp, nehri, çoruh nehri, alanı, 
göl, kadar, yer, baraj, çay, tavsiye, temiz, 
kahvaltı, uygun, kahve, ücretsiz, yemek, 
tavsiye ederim, cam, teras, cam teras, te-
rasa, cam terasa, mutlaka, manzarası, yük-
seklikte, km 

896 16.64 

Service satis-
faction and 
appreciation of 
effort 

sağlık, emeğinize, emeğinize sağlık, eme-
ğine, elinize, emeğine sağlık, ellerine, elle-
rine sağlık, eline, elinize sağlık, belediye, 
teşekkür, teşekkürler, ederiz, ediyorum, 
teşekkür ederiz, teşekkür ediyorum, 
emeği, hopa, iyi 

635 11.80 

Expressions of 
appreciation, 
praise, and suc-
cess 

başkanım, gelsin, kolay gelsin, kolay, baş-
kan, başarılar, sayın, diliyorum, olsun, ba-
şarılar diliyorum 

330 6.13 

National/ethnic 
identity and 
homeland dis-
courses 

türkiye, türk, nin, ye, türki, türki ye, türkiye 
nin, dır, vatan, arhavi 137 2.55 

Evaluations re-
lated to city 
image and ur-
ban amenities 

şehir, avm, küçük, tek, tek avm, si, şehri, 
şehre, nasip olur, gün 106 1.97 

Note. Theme labels were translated into English for reporting pur-
poses, whereas the representative words were retained in their 
original Turkish form in order to preserve the semantic specificity of 
the BERTopic outputs and to avoid distortions that might arise from 
literal translation. 

 
Conclusion and Recommendations 
 
This study examined multi-platform social media 
comments related to Artvin through the combined 
use of sentiment analysis, time series analysis, 
change point detection, and topic modeling. By an-
alyzing comments collected from Facebook, Twit-
ter/X, TikTok, Google Maps, Instagram, and 
YouTube, the study moved beyond a single-plat-
form perspective and provided a broader view of 
local digital discourse. The findings show that neg-
ative sentiment was more dominant in online com-
ments related to Artvin. However, this result 
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should not be interpreted as a direct or absolute 
measure of public attitude toward the city. Rather, 
it should be evaluated by considering that social 
media users often produce content with motiva-
tions such as complaint, criticism, reaction, evalua-
tion, information sharing, and experience report-
ing. 

One of the central findings of the study is the 
statistically significant structural break observed 
in monthly average sentiment scores as of Febru-
ary 2023. After this point, sentiment scores shifted 
to a more negative level, indicating that online dis-
course related to Artvin did not remain stable over 
time. This finding shows that social media data can 
function not only as a descriptive source of public 
perception, but also as a dynamic source for moni-
toring temporal changes and possible points of so-
cial sensitivity. The February 2023 break tempo-
rally overlaps with the national atmosphere follow-
ing the February 6, 2023 Kahramanmaraş-cen-
tered earthquakes. Studies showing the visibility of 
individual and collective trauma in post-earth-
quake social media discourse (Kaya Kılıç et al., 
2025), the emergence of psychological distress 
even among individuals not directly affected by the 
earthquake (Çınaroğlu et al., 2025), and the pres-
sures created by the earthquake on health, eco-
nomic life, and social welfare (Kahraman, 2023; 
Nasır et al., 2025) support this contextual interpre-
tation. In the specific context of Artvin, the Yusufeli 
Dam and relocation process, infrastructure and 
transportation problems, environmental transfor-
mation, economic difficulties, and local govern-
ance debates also appear to have contributed to 
the local content basis of this negativity. The 
Yusufeli relocation process has also been dis-
cussed in relation to cultural change (Çelik Kan, 
2024), official resettlement practices (Republic of 
Türkiye Ministry of Environment, Urbanization and 
Climate Change, 2022), and local reactions re-
ported during the relocation period (Haberler.com, 
2022). Nevertheless, since the study was not de-
signed as an event-based causal analysis, the Feb-
ruary 2023 break should be interpreted as a con-
textual indicator rather than as evidence of a direct 
causal relationship. 

The topic modeling results show that negative 
and positive discourse differed not only in senti-
ment polarity, but also in their thematic founda-
tions. Negative comments were concentrated 
around reactions to artificial or automatically gen-
erated content, transportation and infrastructure 
problems, local administration and political evalua-
tions, dam/expropriation and environmental im-
pacts, economic difficulties, health services, and 
everyday life problems. Positive comments, on the 
other hand, clustered around thanks, prayers, good 
wishes, natural beauty, scenery appreciation, na-
ture activities, and open-air experiences. This dif-
ferentiation indicates that Artvin’s digital repre-
sentation has a dual structure: a positive image 
shaped by nature, scenery, cultural values, and ap-
preciation, and a critical discourse shaped by infra-
structure, public services, environmental change, 
economic difficulties, and local governance. 

When evaluated together with previous studies 
on Artvin, the contribution of this study becomes 
clearer. Aksu and Karaman (2022) showed that so-
cial media data can be used in relation to touristic 
places and artificial intelligence-supported tourism 
decision support, while Durmuş (2022) demon-
strated that restaurant reviews can reveal service 
experience components through sentiment analy-
sis and topic extraction. The present study extends 
this line of research by examining Artvin through a 
long-term, multi-platform, and sentiment-time-
theme integrated framework. In this respect, it 
shows that local digital discourse is shaped not 
only by tourism or service satisfaction, but also by 
a broader agenda involving transportation, infra-
structure, environmental transformation, eco-
nomic conditions, health services, governance, and 
digital content credibility. 

Methodologically, the study demonstrates that 
local public perception can be monitored by inte-
grating BERT-based sentiment classification, 
monthly sentiment time series, PELT-based 
change point analysis, and BERTopic-based topic 
modeling. The manual validation results also sup-
port the reliability of the sentiment analysis out-
puts for subsequent temporal and thematic anal-
yses. This integrated framework can be used as a 



 Analysis of satisfaction perceptions through online comments: The case of Artvin 

 14 

complementary approach in local governance, 
public communication, tourism planning, and re-
gional decision-support processes. 

The findings also offer practical implications for 
local decision-makers. Transportation and infra-
structure problems, economic difficulties, health-
service complaints, environmental debates, dam 
and relocation processes, and criticisms of local 
administration should be monitored regularly as 
priority areas. Social media and online review data 
can support the early detection of such problem ar-
eas and help institutions develop data-driven com-
munication strategies. At the same time, Artvin’s 
positive digital image is strongly associated with 
natural beauty, scenery, open-air experiences, cul-
tural values, gratitude, and good wishes. Therefore, 
local institutions should not only respond to nega-
tive discourse, but also strengthen communication 
and promotion strategies that make these positive 
themes more visible. 

The study has several limitations. First, the find-
ings are based only on users who share content on 
social media and online review platforms; there-
fore, they should not be treated as a representative 
public opinion survey. Second, the platforms differ 
in terms of user profiles, interaction styles, algo-
rithmic visibility, and expression cultures. Third, the 
dataset was limited to publicly accessible content 
collected through third-party API-based tools, and 
platform-specific access restrictions may have in-
fluenced the scope of the data. Fourth, sentiment 
analysis and topic modeling results are affected by 
model performance, preprocessing choices, em-
bedding models, and clustering parameters. Fi-
nally, although the February 2023 break indicates 
a meaningful temporal shift, its causes were not 
tested causally. 

Future studies may compare social media find-
ings with survey, interview, or institutional com-
plaint data to obtain a more comprehensive under-
standing of local public perception. In addition, 
platform-specific analyses, event-based designs, 
larger manually annotated validation datasets, and 
comparative studies involving different provinces 
may strengthen the generalizability and explana-
tory power of similar research. Overall, this study 

shows that multi-platform social media data, when 
analyzed through an integrated sentiment-time-
theme framework, can provide valuable evidence 
for monitoring local digital discourse and support-
ing data-driven regional decision-making. 
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