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Abstract 
Tourists are increasingly involved in co-creating attractions’ symbolic imag-
es, sharing their experiences and opinions on websites like TripAdvisor and 
other similar rating and review platforms. In this paper, we propose a strate-
gy for analyzing people’ opinions about tourist points of interest, using an 
Ambient Geographic Information approach to georeference the polarity 
scores of reviews. Visualizing these scores on a map can be used to obtain 
helpful information for implementing strategic actions and policies of institu-
tional and business actors involved in the tourist industry, as well as to help 
users plan their future experiences. A case study concerning the reviews of 
the restaurants in Naples (Italy) shows the effectiveness of the proposal. 
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1. Introduction

The diffusion of Web 2.0 changed in a few years each aspect of everyday life related to 
social representation and interaction. In a more flexible and disintermediated society, we 
are observing a growing consideration of how people – increasingly embedded in a digital 
ecosystem – communicate their feelings, opinions and experiences. This behavior is part of 
our reality, in accordance with the online and offline interconnectedness posited by Jurgen-
son (2019). This view implies a new communication paradigm in the definition of an expe-
rience of buying and consuming a product or service, including tourism-related ones. To-
day, social media guesting the narratives of people’s experiences are used by the diverse 
actors involved in the tourist industry. Visitors, in particular, play a key role in co-creating 
tourist attractions’ symbolic image, and the reputation generated by digital platforms is 
becoming progressively significant. Many individuals rely heavily on reviews and free-text 
comments on platforms such as TripAdvisor, Booking or Google when choosing a destina-
tion, reserving accommodations or a table in a restaurant, visiting cultural, scenic or 
amusement attractions. On the other hand, the use of people’s opinion in tourist industry 
can contribute positively to the decision-making processes of institutions and businesses in 
fostering sustainability and understanding consumer behavior patterns. 

In this scenario, the so-called electronic word-of-mouth becomes a primary source of in-
formation that deserve to be taken into account (Cheung & Thadani, 2012). It is necessary 
to monitor what visitors say about their experiences and feelings (Nambisan & Watt, 2011). 
Analyzing people’s comments and reviews is essential since dissatisfied visitors are poten-
tially dangerous, triggering a vicious circle of lousy reputation (Shirdastian, Laroche, & 
Richard, 2019), deterioration of symbolic value and significant financial losses (Luo, 2009). 
Nevertheless, these comments are composed as free text, and the information is encoded in 
a form that is difficult to process automatically. In a text mining framework, it is possible to 
pre-treat a textual body made of these comments and transform the unstructured data into 
structured data, performing statistical analyses to extract and manage the underlying 
knowledge base. Among the different tasks of text mining useful in the tourist industry, a 
significant role is played by the detection of the semantic orientation of texts, expressing 
the so-called sentiment in a numerical form. The sentiment resulting from the reviews writ-
ten by tourists for a particular activity or attraction can be interpreted as a quantitative fea-
ture of a process involving their narratives about the experience.  

Several alternative approaches have been proposed to calculate a score representing texts’ 
negative/positive orientation and employ these scores in an opinion-mining strategy (Hem-
matian & Sohrabi, 2019). Contributions proposed in the literature have been more oriented 
towards topic extraction (Zhao et al., 2016) or classification (Kim & Lee, 2014), where 
instead the visualization of sentiment is still an open research topic (Kurcher et al., 2018). 
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In a tourist domain, the geographical dimension has to be wisely considered to better ana-
lyze its socio-economic traits. In this work, we propose a strategy based on the computation 
of polarity scores for a set of reviews related to some points of interest and their spatial 
localization. Georeferenced data, typically represented by a set of geographic coordinates, 
allows visualizing and understanding spatial patterns and relationships that may not be 
apparent from other types of data. Latitude and longitude coordinates may be then used to 
georeference the sentiment and visualize the semantic orientation of each tourist point of 
interest on a map. Our strategy relies on the Ambient Geographic Information (AGI) ap-
proach (Stefanidis et al., 2013), in which social media are used to understand the human 
landscape and its evolution over time. Starting from the AGI framework, we extended the 
concept to digital platforms like TripAdvisor. Other authors considered the importance of 
using sentiment data and geographical references. The semantic orientation of comments 
posted on Twitter have been geographically analyzed to study the density of unfavora-
ble/favorable opinions across U.S. (Camacho et al., 2021). The joint use of sentiment and 
geographical data has been also used to assess the socio-environmental impact of large-
scale infrastructure projects (Li et al., 2021). In a tourist domain, the tourism sustainability 
index (TSI), a synthetic indicator encompassing a dimension based on polarity scores, has 
been proposed to frame and georeference tourist satisfaction in accordance with the Euro-
pean Tourism Indicator System (De Marchi et al., 2022).  

From a theoretical viewpoint, the sentiment scores and other metadata may be used to clus-
ter the points of interest in a spatial perspective, better guiding the actions of operators and 
institutional actors and people interested in exploring an area to plan a visit or a journey. In 
the following, a case study based on the city of Naples (Italy) is presented to show the pro-
posal’s effectiveness. Naples is nowadays one of the most important tourist attractions in 
Italy. Its historic center has been on the UNESCO World Heritage List since 1995 but has 
only become a primary destination in the last few years. Here, we are particularly interested 
in evaluating restaurants because Neapolitan restaurants are considered part of the tourist 
experience (Vrontis et al., 2021), as the city is famous for its cuisine and gastronomic herit-
age. Furthermore, the food & wine supply chain is an essential driver of the local economy, 
creating jobs and promoting the area (Della Corte et al., 2015). 

2. Materials and methods 

The restaurant reviews used in this study have been scraped from the Italian TripAdvisor 
website, using Naples in the query and restaurants as the main category, and stored 
in a local repository together with some metadata: name, address, latitude and longitude 
(validated with the corresponding Google Maps id place), rating, # of reviews. At the 
current stage, we considered 774 activities (a share of 30% with respect to the total number 
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of 2,634 restaurants in Naples). Moreover, we decided to set a limit of 1,000 reviews per 
restaurant – namely the most recent ones – obtaining a collection of 283,801 reviews.  

To perform a lexicon-based sentiment analysis of this collection, we used an original cus-
tomized lexicon of Italian terms. Most resources in the sentiment research area, like lexi-
cons, labelled collections and NLP tools, are mainly available in English. The lack of lin-
guistic resources is critical in the majority of studies, producing a so-called lexical gap 
(Chiavetta et al., 2016). Thus, we built an Italian lexicon by merging the resources devel-
oped in the Sentix project (Basile & Nissim, 2013), the Opener project (Russo et al., 2016), 
and other aptly screened studies (e.g., Bolasco & Della Ratta, 2004). The resulting lexicon 
contains 26,511 polarized terms with a value of +1 if positives and -1 if negatives. 

For our analysis, a light pre-treatment was applied to the reviews. Non-alphabetic charac-
ters and symbols – like numbers or emoticons – were removed to consider only content-
bearing words. The polarity scores have been calculated with a sentence-level logic (Balbi 
et al., 2018). Each review is segmented into its constituent sentences to consider the senti-
ment associated with each aspect of the described experience. Given a review ri (i=1,…,n), 
its ai sentences {si1, ..., sik, ..., siai} are identified by considering as separators strong punctu-
ation marks like full stops, question marks and exclamation marks. The k-th sentence sik is 
represented as a sequence of its pk terms {wik1, ..., wikj, ..., wikpk}. Each term wikj in the k-th 
sentence of the i-th review is compared with the terms in the lexicon, assigning -1 to nega-
tive terms and +1 to positive terms, respectively. Terms not listed in the lexicon are scored 
with a null value. The polarity of each term is then weighted considering negators (e.g., 
mai, nessuno, nessuna), amplifiers and de-amplifiers (e.g., poco, molto, pochissimo), adver-
sative and contrasting terms (e.g., ma, tuttavia). This weighting scheme allows for empha-
sizing or dampening the negativity or positivity of each polarized term, leading to a more 
effective measure of semantic orientation (Vechtomova, 2017). The polarity score of each 
sentence PSsik is obtained as the sum of weighted term scores PSwikj on the sentence length: 

PSsik
 = 
∑ PSwikj

pk
j=1

√pk
 (1) 

Since we are interested in obtaining a polarity score at a review level, we calculated an 
overall score PSri for each text by a down-weighted zeros average of sentence polarities, 
giving a lower weight to sentences conveying a neutral sentiment: 

PSri
 = 

∑ PSsik

ai
k=1

ai
-+ai

++√log(1+ai
0)

 (2) 
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where ai
-, ai

+ and ai
0 are the numbers of sentences in ri with a negative, positive, or neutral 

polarity, respectively. Figure 1 graphically depicts an example of the polarity score compu-
tation, reporting for each review the overall score together with negative aspects (in red) 
and positive aspects (in green) of the tourist experience. 

 

 
Figure 1. Examples of reviews with polarity score and highlighted negative/positive aspects. 

Since the scores PSri assume values in a ]-,+[ interval, we decided to rescale all the 
results in a ]0,1[ interval to facilitate the interpretation. In the subsequent step of the strate-
gy, sentiment scores have been used to characterize each restaurant. Specifically, we used 
latitude and longitude to plot the restaurants on a map and visualize the results of the senti-
ment analysis as hot spots. We categorized the sentiment scores into low (PSri < 0.3), medi-
um (0.3  PSri  0.6), and high (PSri > 0.6), using a red-to-green color palette for the gradi-
ent. The different actors can use the resulting representation to explore the specific area 
under investigation, whereas researchers can include this information in more articulated 
analytic strategies. Georeferenced polarity scores can be used with other metadata to cluster 
points of interest identifying groups of activities that share similar characteristics or attrib-
utes. This can be particularly valuable both from an urban planning and tourist marketing 
side, where can be crucial to understand the characteristics of different neighborhoods or 
areas of a city and develop targeted strategies or interventions. 

3. Some preliminary results 

In Figure 2, we can see the polarity scores of Neapolitan restaurants georeferenced on the 
city map. The output obtained by applying the strategy can be interactively browsed by 
zooming on the different points. Here we used a static screenshot by way of illustration. 
Green areas represent the restaurants with a higher positive sentiment, whereas red areas 
represent the restaurants with a higher negative sentiment. The map shows a concentration 
of restaurants with a positive sentiment near the city’s historical center and the waterfront 
near the so-called Riviera di Chiaia, rich in tourist attractions and gastronomic sites. The 
hot areas, associated with the red color, are mainly located in the peripheral or ex-industrial 
districts, such as Bagnoli (on the left side of the map) or San Giovanni a Teduccio (on the 
right side of the map). Although these districts of Naples have tourist potential (e.g., 
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Bagnoli hosts the Science Museum, San Giovanni hosts the National Railway Museum), 
they have critical deficiencies in the sphere of transport, services and air quality. 

 

 
Figure 2. Visualization of restaurants’ sentiment in the city of Naples. 

According to a study carried out by La Rocca (2021) on the city of Naples, the poor acces-
sibility of peripheral areas (in terms of public transport) and the degradation of urban spac-
es are, among others, the primary grounds for complaints, affecting negatively the intention 
of visitors to come back again to the city. Restaurants and shops generally suffer a lack of 
infrastructure and services (Buonanno et al., 2009). Moreover, the absence of action to 
protect and enhance the historical and cultural heritage can reduce tourist attractiveness, as 
in the case of the San Giovanni district. 

The complete results of the case study will be discussed more in detail elsewhere. 
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