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Abstract: Over the past decade, sentiment analysis has 
emerged as a pivotal tool in tourism-related texts, driven 
by the sheer volume of tourist attractions and the wealth 
of online information. Tourists increasingly turn to travel 
websites to access specific information that often eludes 
standard evaluations of tourist attractions. Forums 
particularly illuminate specific information needs 
and their ties to potential destinations. Among these 
platforms, TripAdvisor has become a favoured choice 
for posting reviews, ratings, and facilitating online 
bookings. In this context, this study aims to analyse 
and assess sentiment in reviews sourced from the online 
platform TripAdvisor, focusing on tourist attractions in 
the northern Portuguese destination of Bragança. The 
research spotlights the disparity between qualitative and 
quantitative rankings. The study also underscores the 
importance of data pre-processing, including removing 
irrelevant information and stop words. Pre-processing 
was crucial in refining sentiment prediction accuracy, 
highlighting the differentiated roles of these words 
in context and meaning. Despite utilising advanced 
techniques such as tokenisation, TF-IDF weighting, 
logistic regression, and n-grams, the study‘s models 
encountered challenges in achieving high accuracy in 
sentiment prediction. Even the incorporation of bigrams 
did not yield substantial performance improvements, 
with the models frequently inclined to overestimate 
negative and positive sentiments.

Keywords: qualitative reviews; quantitative ranking; sen-
timental analysis; TripAdvisor, reviews.

1  Introduction
In the last decade, sentiment analyses have gained pro-
minence in tourism-related texts. The large number 
of tourist attractions, coupled with a vast amount of 
information on the web, has made the decision-making 
process challenging for selection and visitation (Alaei 
et al., 2019; Álvarez-Carmona et al., 2021).

Travel websites are utilised by tourists to obtain speci-
fic information, often not covered in common evaluations 
of tourist attractions: forums reveal specific information 
needs and their connection to potential destinations. Tri-
pAdvisor is a popular platform for leaving reviews and 
ratings and making online bookings (Amplayo & Song, 
2017; Tsai et al., 2020).

The definition of an attraction on TripAdvisor inclu-
des various groups and categories, such as places, tours, 
operators, events, and activities. Each has a geographical 
locator and presents different evaluations (Ray et al., 2021; 
An et al., 2020; Nie et al., 2020; Li et al., 2018; Spalding & 
Parret, 2019).

In this context, this research aims to analyse and eva-
luate the sentiment by reviews from the online platform 
TripAdvisor about the attractions in the tourist destina-
tion of Bragança, in the north of Portugal, focusing on the 
discrepancy in qualitative and quantitative ranking.

In this investigation, the TripAdvisor platform was 
deliberately selected to acquire data about the top 16 
attractions in the northern region of Portugal, specifi-
cally in Bragança. Using Apify, the dataset encompassed 
270 evaluations from 2020 to 2023, encompassing both 
ranking assessments and text-based reviews in Por-
tuguese. Employing Python’s Scikit Learn Library, a 
vectorisation process was applied to the evaluations, 
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resulting in a dimensionality of 2,637 within a bag-of-
words framework. Logistic regression modelling yielded 
an accuracy metric of 49%. This value was warranted 
despite falling short of previous research benchmarks 
due to the study’s exploratory nature constrained by a 
limited sample size.

The results underscored the importance of distin-
guishing and understanding the emotions expressed in 
tourists’ comments. Accurately assessing tourist satis-
faction is crucial for enhancing the overall tourist expe-
rience. However, the current model, while informative, 
did not provide a reliable method for evaluating tourist 
satisfaction in the context of Bragança, highlighting the 
complexity of sentiment analysis in practical applica-
tions. Further studies and methodological refinements are 
needed to increase the accuracy of sentiment prediction in 
tourist reviews.

This paper is structured into five sections. Following 
the introduction, the theoretical framework is presented, 
where concepts of sentiment analysis and related studies 
on TripAdvisor and the tourist destination are highlighted. 
Next, the methods employed are introduced, followed 
by the analysis of results and discussion. Finally, the 
conclusion is presented, along with considerations and 
proposals for future research.

2  Literature review

The significance of tourism to the contemporary 
economy is unequivocal, and forecasts strongly indi-
cate a sustained relevance for the forthcoming decades 
(Kontogianni & Alepis, 2020). The relationship between 
the performance of the tourism sector and its broader 
impact is intricately interwoven, with the former exer-
ting both a direct and an indirect influence on the latter 
(Mucharreira et al., 2019). The proliferation of infor-
mation and communication technologies has left an 
indelible mark on tourism, largely attributed to social 
media and online travel platforms (OTPs), facilitating 
the sharing of consumer experiences (Bizirgianni & 
Dionysopoulou, 2013).

Within the tourism domain, numerous studies 
underscore the substantial transformation brought about 
by social media in how tourists seek information, plan 
their journeys, and, more crucially, share their travel 
experiences with peers. These diverse applications and 
OTPs engender a substantial corpus of quantifiable 
data, empowering destination marketing professionals 
to leverage these data effectively in decisions related to  

promotion and product development (Da Mota & Picke-
ring, 2020; Mirzaalian & Halpenny, 2021).

TripAdvisor (TripAdvisor.com) and Yelp (Yelp.com) 
are popular OTPs for posting reviews, ratings, and 
making online reservations. However, these platforms 
continue to necessitate extensive review reading by con-
sumers to formulate personal opinions regarding estab-
lishments of interest (Amplayo & Song, 2017; Tsai et al., 
2020). Attributes of online platforms are recognised as 
pivotal determinants of customer behaviour (Rita et al., 
2022). Various attributes, such as the rating system, can 
directly influence the evaluator’s conduct (Mariani & 
Borghi, 2018).

The efficiency of TripAdvisor as a collaborative recom-
mendation platform fundamentally hinges on various 
factors: the ease with which a problem can be represented, 
the extent to which its solution necessitates self-motivated 
individuals with specific contextual knowledge, dispersed 
and generalised, and the degree to which its evaluation 
encompasses a multitude of experienced Internet users. 
While fake and paid online reviews may adversely affect 
the efficiency of TripAdvisor (Filieri et al., 2015), the 
degree of crowd efficiency can also generate antibodies 
that guard against such opportunistic behaviour (Ganza-
roli et al., 2017).

Each OTP features a classification system that aids 
customers in decision-making (Israeli, 2002). However, 
OTPs adopt varying scales and classification systems. 
TripAdvisor employs a 1–5 scale, with additional dimen-
sions that can be evaluated subsequently, with these 
latter dimensions not considered in the initial assess-
ment. These classification systems significantly influ-
ence perceptions of information quality (Chen, 2017), 
impacting customer behaviour (Mariani & Borghi, 2018; 
Rita et al., 2022).

Text extraction represents a specific type of data 
extraction involving textual content analysis to unearth 
concealed patterns that can be translated into actio-
nable knowledge. The textual content encompasses 
documents, comments, reviews, or other related infor-
mation, serving as the corpus for tasks such as text 
categorisation, clustering, and sentiment analysis (Sri-
vastava & Sahami, 2009).

Data mining challenges can be addressed through 
supervised machine learning techniques when a target is to 
be modelled or unsupervised techniques when the objec-
tive is to discover relationships among instances of the 
problem at hand (Sharda et al., 2017). For example, super-
vised methods can be employed to detect dissatisfied custo-
mers to prevent churn, using decision trees (Maier & Prusty, 
2016), while categorisation of customer segments based on 
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their personal preferences regarding hotel websites through 
association rules represents an example of unsupervised 
approaches (Leung et al., 2013). However, most data mining 
approaches in the hospitality domain are centred around 
predicting tourist demand (Moro & Rita, 2016).

Text extraction, as a distinct form of data extraction, 
involves the analysis of textual content to reveal con-
cealed patterns that can be translated into actionable 
knowledge (Fan et al., 2006). The textual content encom-
passes documents, comments, reviews, or other related 
information, serving as the corpus for tasks such as text 
categorisation, clustering, and sentiment analysis (Sri-
vastava & Sahami, 2009).

Through the analysis and classification of sentiments, 
managers gain deeper insights into which attributes of the 
services offered in their establishments can significantly 
impact customer satisfaction (Calheiros et al., 2017).

The advent of social media on the Internet has ignited 
sentiment analysis, a recently developed data extraction 
technique capable of conducting sentiment or opinion 
analyses based on online reviews and comments. Its 
objective is to extract text from written comments about 
specific products or services, categorising them into posi-
tive or negative opinions based on comment polarity 
(Cambria et al., 2013; Casaló et al., 2015).

Several studies employ the Apify program as software 
for downloading comments. Apify is the platform where 
developers create, implement, and monitor web scraping 
and browser automation tools. Essentially, anything done 
manually in a web browser can be automated at scale with 
Apify (Soh, 2022; Jahanbin & Chahooki, 2023). For the 
analysis and stratification of the content under review, the 
program allows for inputting destination links, organised 
by various analysis categories such as Hospitality, Dining, 
Attractions, and Transportation.

Recent articles highlight the hotel sector as one of the 
most studied and assessed categories by TripAdvisor, alt-
hough other variables can also be analysed and empha-
sised (Ray et al., 2021; An et al., 2020; Nie et al., 2020; Li 
et al., 2018; Rita et al., 2022), such as attractions (Scalab-
rini et al., 2023).

The definition of an attraction on TripAdvisor encom-
passes various groups and categories, including places, 
tours, operators, events, and activities. Each category has 
a geographic locator (Spalding & Parret, 2019) and has dif-
ferent evaluations.

Based on word frequency, prominent keywords indi-
cative of prevailing trends include sentiment analysis, 
online reviews, social media, deep learning, star ratings, 
online travel, review utility, environmental discourse, 
hotel reviews, and the tourism industry, all manifesting 

within the dataset (Da Mota & Pickering, 2020; Mirzaalian 
& Halpenny, 2021; Álvarez-Carmona et al., 2021; Tsai et al. 
2020; Gour et al., 2021).

3  Methodology
To accomplish the study’s aim, the TripAdvisor platform 
was chosen, a widely recognised platform in tourism 
research. TripAdvisor is considered a leading global 
platform for evaluating tourist experiences, as noted by 
various studies (Fitchett & Hoogendoorn, 2019; Taecha-
rungroj & Mathayomchan, 2019; Nowacki & Niezgoda, 
2020; Scalabrini et al., 2023).

Using Apify (Nallakaruppan et al., 2023), the data 
were collected in September 2023 from the top 16 attrac-
tions in the northern region of Portugal, specifically in city 
of Bragança. The dataset consisted of 270 reviews from 
2020 to 2023, including the rankings and the text-based 
reviews, written in Portuguese, reflecting visitors’ experi-
ences. Following previous studies (e.g., Scalabrini et al., 
2023), the ranking was classified as negative (1–2), neutral 
(3), and positive (4–5). Following this, the database was 
recoded based on the sentiment classification (0=nega-
tive, 1=neutral, and 2=positive).

In the next step, the Scikit Learn Library from Python 
language was employed to vectorise the reviews (Bagherz-
adeh et al., 2021; Chen et al., 2020; Garreta et al., 2017), resul-
ting in a bag of words, with 2.637 dimensions. Next, the data-
base was partitioned into training and test data and accuracy 
was evaluated using logistic regression, yielding a score of 
0.4920 (49%). Despite this accuracy being lower than that of 
other studies, the study moved forward as it is a preliminary 
study with a limited sample size. The model accuracy was 
improved by implementing the Limited-memory Broyden–
Fletcher–Goldfarb–Shanno (L_BFGS) method to approxi-
mate the 50 most significant words in terms of their meaning, 
resulting in a predictive accuracy level of 49%.

To eliminate redundancy and establish stop words, 
the first word cloud was generated based on the frequency 
of words, without any prior treatment. For sentiment ana-
lysis, grammatical terms such as “from,” “and,” “a/an,” 
and “that” were ignored or removed since they carry less 
semantic and emotional information compared to the most 
relevant words (Ahuja et al., 2019; Jianqiang & Xiaolin, 
2017). The words were also mapped to their base form, 
and to analyse word sequences, n-gram was applied. After 
this, punctuation was removed. Additionally, to eliminate 
words with similar semantics and radicals, the NLTK with 
the suffix RSLPStemmer was utilised (Yao, 2019). Following 
these steps, the results are presented in the next item.
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4  Results
This study conducted a sentiment analysis of the TripAd-
visor reviews for tourist attractions in Bragança, located in 
the Terras Trás-os-Montes region of Portugal. The reviews 
were categorised based on the ranking system used by  
TripAdvisor (1–5 points), compared with the algorithm 
analysis of the reviews. Considering similar studies (e.g., 
Scalabrini et al., 2023), the rankings were classified as 
negative (1–2 points), neutral (=3 points), or positive 
(4–5 points) and, as previously mentioned, were recoded 
based on the sentiment classification (0=negative, 
1=neutral, and 2=positive). Table 1 presents the number of 
reviews recoded in each sentiment.

After analysing the sentiment analysis algorithm 
based on the texts, discrepancies were found between the 
quantitative and qualitative evaluations (Table 2). This 
observation has been reported in previous studies (e.g., 
Valdivia et al., 2019; Xiang et al., 2018). The frequencies of 
negative, neutral, and positive evaluations varied signifi-
cantly across different attractions. For instance, Bragança 
Castle had 33 negative evaluations, while the Georges 
Dussaud Gallery had none. On the other hand, Aldeia do 
Rio de Onor had 35 positive reviews, indicating a favou-
rable reception, which was confirmed by its high mean 
rating, the highest among all the attractions.

Table 2 reveals a wide range in the quantitative aspects 
of Bragança’s tourist attractions’ evaluations, indicating 

that the evaluations are spread out around the mean. The 
data highlight the variety of perceptions on the qualitative 
evaluations found on the TripAdvisor platform. Notably, 
Aldeia do Rio de Onor stands out with consistently posi-
tive qualitative and quantitative evaluations. Conversely, 
Bragança Castle has the highest frequency of negative 
evaluations proportionally, despite having the second-
highest mean rating.

When collecting data through web scraping, irrele-
vant information related to formatting, links, and special 
characters can be included. Therefore, it is necessary to 
pre-process the text to remove unwanted elements and 
standardise formatting. The initial word cloud in Figure 1 
was generated without pre-processing, and after analysing 
it, stop words were removed. Accessing and tokenising the 
speech content with code was necessary, and the model’s 
prediction accuracy was monitored. However, after this 
treatment, the accuracy dropped to 47%, demonstrating 
the importance of the terms extracted at this stage in 

Table 1. Sentiments’ classification.

Rating (1–5) Sentiment n

1–2 Negative 114

=3 Neutral 24

4–5 Positive 112

Total 250
Source: Own elaboration.

Table 2. Reviews classification per attraction.

Attraction Negative Neutral Positive x̅ s

Castelo de Bragança 33 4 32 4.23 0.96

Aldeia do Rio de Onor 18 4 35 4.42 0.86

Domus Municipalis 11 1 3 3.73 1.03

Cidadela de Bragança 5 2 3 3.88 0.70

Igreja de Santa Maria 4 3 0 3.81 1.17

Centro de Arte Contemporânea Graça Morais 3 0 4 3.92 0.53

Igreja da Antiga Sé 4 3 0 3.87 0.53

Museu Ibérico da Máscara e do Traje 7 2 7 3.95 0.77

Museu do Abade de Baçal 3 1 3 3.96 1.15

Parque Natural de Montesinho 5 0 3 4.00 0.51

Centro Ciência Viva 2 1 6 4.02 1.39

Centro de Interpretação da Cultura Sefardita do Nordeste 
Transmontano 9 0 1 4.03 0.57

Galeria Georges Dussaud 0 0 3 4.05 0.00

Museu Militar de Bragança 9 3 9 4.04 1.20
Note: x̅ = mean; s = standard deviation.
Source: Own elaboration.
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terms of context and meaning. Considering the data were 
collected in Portuguese, the words are presented in this 
language, following the method proposed.

The next step in the data processing was tokenisation, 
which involved calculating the frequency of each word in 
the bag of words as if it were an element in a list. A data 
frame was then created to display the frequency of the 
tokenised terms. Table 3 illustrates the top 10 most fre-
quent terms found in the database.

It is important to consider that the removal of stop 
words, such as prepositions and conjunctions, can alter 
the meaning of sentences and hinder the understanding 
of word relationships. This is significant since it has an 
effect on context of the text, which is crucial for construc-
ting meaning. Furthermore, certain stop words may hold 
valuable information, particularly when used in a unique 
way, such as negating a positive or negative sentiment 
with a single word. Removing such words can result in the 
loss of this information and negatively affect the accuracy 
of the model.

Upon removing stop words, a Pareto chart was gene-
rated (refer to Figure 2), which revealed that the most 
commonly used terms were related to places like Castle, 
Museum, Village, City, and Bragança. It is worth noting, 
however, that the accuracy of the model decreased to 
49.2% after this step, as the removal of stop words not 
only decreases the sample size but also affects the model’s 
ability to interpret sentiment expressions.

Following these procedures, three word clouds were 
produced, each representing a sentiment category in the 
database (refer to Figure 3).

Upon removal of the score, the accuracy was once 
again assessed. The model was able to attain a 49.2% 
accuracy rate in predicting sentiment at this stage. To 
showcase the word associations for each sentiment classi-
fication category in the database, three word clouds were 
generated. The resulting word clouds, following all pro-
cessing steps executed thus far, are depicted in Figure 4. 

The values calculated by applying the term 
frequency–inverse document frequency (TF-IDF) formula 
to both the training data and test data were extracted. 
After this, logistic regression was trained using the test 
data as parameters to obtain the accuracy result directly. 
The logistic regression showed an accuracy of 50%.

Next, n-grams were applied to the treated database, 
with two parameters: the first considered terms in 
lowercase letters, and the second parameterised n-gram 
as a bigram. The n-grams are resources created and 
frequently used as discriminative ways to classify texts and 
help to incorporate unknown words into the context, thus 
improving classification performance in tasks based on 
informal texts, where a large percentage of unknown words 
occur, such in sentiment analysis (Bojanowski et al., 2017). 

Figure 1: Word cloud in the pre-processing.

Table 3. Stop words’ frequencies.

Word n

De 466

E 361

A 305

Que 184

O 169

É 163

Um 148

Uma 147

Muito 145

Com 135
Source: Own elaboration. Figure 2: Pareto chart.
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(a) Nega�ve (b) Posi�ve

(c) Neutral

Figure 3: Figure with three subgraphs with word cloud after processing.

(a) Nega�ve (b) Posi�ve

(c) Neutral

Figure 4: Figure with three subgraphs with word cloud after stemming processing.
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This  technique is applied to improve the accuracy of the 
model by capturing the context of the speeches impacted 
by the removal of stop words, preserving contextual 
information.

However, the model did not show any improvement in 
accuracy after applying n-grams. N-grams help to better 
capture the context in which the words are used, which 
diverts the analysis from focusing solely on the rating. It 
is an essential technique for determining whether an eva-
luation is negative, neutral, or positive. This is because, 
in many cases, the meaning of a word depends on the 
words around it. The combination of n-grams and capital 
letters helps to distinguish more effectively between nega-
tive and positive feelings. Capitalised terms may represent 
an intensification of what is intended to be expressed, 
making it possible to better capture linguistic and contex-
tual nuances.

Logistic regression was applied because it allows us 
to analyse which words have the greatest weight in diffe-
rentiating between classes and what the algorithm under-
stands as negative, neutral, or positive words. To do this, a 
data frame was created in which the variables were stored 
with their respective sentiment classification coefficients. 
Table 4 shows the respective terms and their weights.

The TF-IDF weighting matrix is a powerful tool in 
natural language processing that helps determine the sen-
timent of a text. By calculating the frequency of words in 
a corpus and comparing it to the total number of words in 
the same corpus, this technique identifies words that are 
more important for classification. This improves the preci-
sion, retrieval, and F1-score of statistical approaches used 
in sentiment analysis.

Despite initially using the Multinomial Logistic 
Regression model, low accuracy was observed. As a result, 
the Multinomial Naïve Bayes classifier was employed to 

re-evaluate the model for text classification. Unfortuna-
tely, this did not yield any improvement, with the model 
accuracy remaining at 48%. Even when a bigram predic-
tion was performed, the model accuracy failed to improve. 
The accompanying metrics report is detailed in Table 5.

The confusion matrix is a useful tool for analysing 
a model’s accuracy. It allows data mining to measure 
the performance of terms based on their classification 
results. This method identifies the number of correctly 
detected negatives and positives. Additionally, it enables 
the calculation of accuracy, precision, and recall, which 
are shown in Table 6 for both single-frame and large-
frame precision models. Rachman et al. (2020), Sari et al. 
(2023), and Steven and Wella (2020) have all highlighted 
the effectiveness of the confusion matrix in evaluating 
model performance.

The confusion matrix is a widely used tool to assess 
the effectiveness of a classification model. In this scena-
rio, it is used to evaluate a model that classifies tourist 
reviews. The predicted class is the model’s prediction, 
while the actual rating is the classification given by the 
review itself. The negative, neutral, and positive catego-
ries are the three classes that review can be classified into, 
and the total of predictions and actual ratings in each 
category is calculated.

From this matrix, several performance metrics such 
as precision, F1-score, and recall can be calculated to 
determine how well the model is performing. It is also 
possible to identify some specific features. For instance, 
the model’s second proposal, the bigram, was used to 
improve the evaluation of the model. However, the model 
classified 46 reviews as negative, but only 8 of them were 
negative. This suggests that the model tends to overesti-
mate negative reviews. The model classified 14 reviews 
as neutral, of which 4 were actually neutral, indicating 

Table 4. Terms and their weights.

Negative Neutral Positive

Algum 0.63 Fech 0.50 portug 0.48

Atra 0.50 Prox 0.47 lind 0.46

regia 0.46 Jardim 0.45 espanh 0.45

nad 0.45 Extern 0.35 otim 0.43

dent 0.43 Enriquec 0.31 bom 0.43

igreja 0.42 Muit 0.31 pesso 0.40

portugu 0.42 Espac 0.29 bem 0.40

esper 0.40 Atenc 0.29 val 0.39

eur 0.39 Garant 0.28 lindiss 0.38

monument 0.38 Indicaca 0.28 alem 0.38
Source: Own elaboration.
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Table 5. Metrics report.

Unigram Prediction Model

Precision Recall F1-score Support

Negative 0.48 0.50 0.49 114

Neutral 0.00 0.00 0.00 24

Positive 0.52 0.58 0.55 112

Accuracy 0.49 250

Macro average 0.33 0.36 0.35 250

Weighted average 0.45 0.49 0.47 250

Bigrated Prediction Model

Negative 0.49 0.40 0.44 114

Neutral 0.18 0.17 0.17 24

Positive 0.51 0.61 0.55 112

Accuracy 0.47 250

Macro average 0.39 0.39 0.39 250

Weighted average 0.47 0.47 0.47 250
Source: Own elaboration.

Table 6. Calculation of accuracy, precision, and recall.

Unigram Prediction Model

Predicted Negative Neutral Positive All

Real

Negative 57 3 54 114

Neutral 17 0 7 24

Positive 44 3 65 112

All 118 0 126 250

Bigrated Prediction Model

Predicted Negative Neutral Positive All

Real

Negative 46 8 60 114

Neutral 14 4 6 24

Positive 34 10 68 112

All 94 22 134 250
Source: Own elaboration.

that the model performed reasonably well. As for positive 
ratings, the model defined 34 reviews as positive, even 
if only 10 of them were positive, showing that the model 
also tends to overestimate positive reviews. These findings 
suggest the need to adjust the parameters or re-evaluate 
the quality of the training data.

Despite the model’s attempt to improve by bigrami-
sing the terms, its accuracy did not improve significantly, 
and in some classifications, it even worsened, as shown 
in Table 6. For example, the bigram model increased the 
number of positive classifications from 54 to 60 when they 
should have been negative. However, the same did not 
happen the other way round—the bigram model reduced 

its negative classifications from 44 to 34 when they should 
have been positive.

In summary, the results in this study highlight the 
importance of differentiating between categorised emo-
tions expressed in the comments of tourists. Detecting emo-
tions related to the emotional states of tourists is crucial 
in evaluating their satisfaction with their experience. This 
can be done through two approaches—qualitative analy-
sis through the categorisation of the texts and quantita-
tive analysis through ratings. However, the results of the 
current model do not provide a reliable way of meeting 
the challenge of determining tourist satisfaction with their 
experience in the city of Bragança in this sample.
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5  Discussion
The relevance of tourism to the contemporary economy 
is unequivocal, with forecasts indicating sustained rele-
vance over the coming decades (Kontogianni & Alepis, 
2020). The relationship between the performance of the 
tourism sector and its wider impact is intricately intert-
wined, with the former exerting a direct influence and 
the latter exerting an indirect influence (Mucharreira 
et al., 2019).

Within the tourism domain, several studies highlight 
the substantial transformation brought about by social 
media in the way tourists search for information, plan 
their trips, and, most crucially, share their travel experi-
ences with their peers.

These various applications and OTPs generate a sub-
stantial corpus of quantifiable data, empowering des-
tination marketing professionals to leverage these data 
effectively in decisions related to promotion and product 
development (Da Mota & Pickering, 2020; Mirzaalian & 
Halpenny, 2021).

The findings of this study reveal notable discrepancies 
between quantitative evaluations (based on numerical 
ratings) and qualitative evaluations (based on sentiment 
analysis of texts). This is consistent with existing litera-
ture, which highlights the complexity of measuring tourist 
satisfaction exclusively through numerical ratings (Valdi-
via et al., 2019; Xiang et al., 2018). For instance, while Bra-
gança Castle received a high frequency of negative evalua-
tions, Aldeia do Rio de Onor stood out with predominantly 
positive reviews, reflecting a favourable reception.

This variation in evaluations underscores the impor-
tance of utilising both qualitative and quantitative ana-
lyses to obtain a more comprehensive understanding of 
tourist satisfaction. Previous studies indicate that plat-
forms such as TripAdvisor are essential for collecting 
data on tourist experiences but also point to the neces-
sity of considering the nuances of textual reviews to truly 
capture tourists’ perceptions (Filieri et al., 2015; Ganzaroli 
et al., 2017).

6  Conclusions
This study analysed and evaluated the sentiments in the Tri-
pAdvisor reviews, where discrepancies occur between the 
text reviews (qualitative) and the ranking (quantitative) 
(Valdivia et al., 2019; Rita et al., 2022). Text extraction 
and data extraction techniques, both supervised and 
unsupervised, play a pivotal role in analysing the textual 

content of these platforms to extract valuable insights  
(Srivastava & Sahami, 2009; Sharda et al., 2017; Leung 
et al., 2013; Calheiros et al., 2017).

In conclusion, a comprehensive analysis of senti-
ment was conducted in TripAdvisor reviews of tourist 
attractions in Bragança, Portugal, using quantitative 
and qualitative approaches. The reviews were catego-
rised based on the TripAdvisor rating system, and the 
sentiment was algorithmically classified as negative, 
neutral, or positive.

Discrepancies between the two approaches were 
observed, reflecting findings from previous research. 
Sentiment distribution varied significantly among 
different attractions, with Aldeia do Rio de Onor con-
sistently receiving positive reviews. At the same time, 
Bragança Castle had a disproportionately high fre-
quency of negative feedback despite having a relatively 
high average rating.

The study also underscored the importance of data 
pre-processing, including removing irrelevant informa-
tion and stop words. Pre-processing was crucial in refi-
ning sentiment prediction accuracy, highlighting these 
words’ differentiated roles in context and meaning.

Despite employing techniques such as tokenisation, 
TF-IDF weighting, logistic regression, and n-grams, the 
study’s models struggled to achieve high accuracy in sen-
timent prediction. Even the introduction of bigrams did 
not substantially improve performance, with the models 
often overestimating negative and positive sentiments.

Analysis of the confusion matrix revealed additional 
insights, showing the model’s tendency to overestimate 
particular sentiments, particularly negative and positive 
ratings. This suggests the need to adjust parameters or 
better assess the quality of training data.

Therefore, it should be noted that people express 
their sentiments more openly through discourses, and 
sentiment analysis becomes an essential tool to monitor 
and understand these sentiments. However, it should not 
be viewed in isolation and exclusively as an automated 
process. Sentiment analysis can address critical issues 
compared to ratings, as evidenced in this study (Valdivia 
et al., 2019). It can help identify emerging trends, analyse 
competitors, and explore new markets (Ramos, 2022; Zhu 
et al., 2021).

The amount of data collected on the web is insuffici-
ent, and the pre-processing is not fully covered, which 
may impact the predicted results. Additionally, not all 
multi-label classifiers and algorithms were tested using 
the study’s model. Future studies must build data banks 
to extract data in real time, collect more data, and improve 
the current model.
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