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ABSTRACT 
 

In an era where digital platforms are transforming consumer behaviour, online reviews on 

platforms such as TripAdvisor have gained increased significance within the global tourism 

industry. For Lisbon, a leading tourist destination, utilizing such platforms can significantly 

enhance management practices for tourist attractions. This study focuses on analysing 

TripAdvisor reviews to assist the Lisbon City Council in more effectively managing tourist 

attractions, highlighting the project's relevance against the backdrop of Portugal's booming 

tourism sector, which plays a crucial role in the national GDP. The primary objective of this 

research is to analyse sentiments and trends within TripAdvisor reviews concerning Lisbon's 

tourist attractions. The objective is to provide insights that enable the Lisbon City Council to 

optimize resources and enhance visitor satisfaction, promoting more responsive, visitor-

centric destination management. This project employs a Data Mining approach using the 

CRISP-DM methodology. It involves extracting data from TripAdvisor through web scraping 

techniques, followed by data transformation and loading (ETL). Sentiment analysis, topic 

modelling, and visualization techniques are then applied to interpret the data effectively. The 

methodological rigor of this approach ensures comprehensive data analysis and the reliability 

of the findings. The analysis has identified prevalent themes in visitor reviews, including 

satisfaction levels, concerns, and suggestions for improvement. Key insights underscore the 

importance of maintaining facility aesthetics and service quality to boost visitor experiences 

in Lisbon, with sentiments mainly neutral to positive but negative reviews calling for urgent 

improvements in customer service and infrastructure. These findings highlight TripAdvisor 

reviews as a crucial resource for destination management. By integrating review analytics into 

strategic planning, the Lisbon City Council can improve tourist satisfaction and effectively 

manage tourism-related resources. The study concludes that a systematic approach to 

analysing online reviews can provide actionable insights that significantly contribute to the 

sustainable development of tourist destinations. Future research could expand to include 

other data sources and real-time analysis to continuously adapt to visitor feedback. 

 

KEYWORDS 

Data Mining; Data Science; TripAdvisor Reviews; TripAdvisor; Sentiment Analysis 

Sustainable Development Goals (SDG): Goal 8 - Decent Work and Economic Growth: 

Promote sustained, inclusive, and sustainable economic growth, focusing on the efficient use of 

resources. 
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1. INTRODUCTION 

1.1. MOTIVATION & SCOPE 

In an era where digital platforms are reshaping consumer behaviour, the impact of online 

reviews, particularly on platforms like TripAdvisor, has gained increasing significance within 

the global tourism industry. This project focuses on Lisbon and aims to harness the power of 

TripAdvisor reviews to enhance the management of tourist attractions under the purview of 

the Lisbon City Council. Notably, Portugal experienced a record-breaking year in tourism in 

2023, generating a staggering 25 billion euros in revenue, making its capital the natural choice 

for this study (XXIII Government - Portuguese Republic, 2024). It is important to improve 

stakeholders' ability to act and adapt to visitors' needs to gain deeper insight into their visitors' 

opinions, fostering a more responsive and visitor-centric approach to destination 

management). 

This study's scope is limited to TripAdvisor reviews related to selected parks, viewpoints, and 

monuments of Lisbon. The research will cover a specific period, spanning from January 2020 

to February 2024, for the analysis of visitor reviews. The primary objective is to extract 

sentiments and uncover possible trends or patterns from these reviews utilizing advanced 

data analytics techniques and to comprehend their implications for the management of tourist 

attractions. 

1.2. RESEARCH DRIVERS 

In this section, we will begin our research process by identifying the research problem of the 

project. Based on this, we will determine the research objective, formulate the research 

question to address that objective, and thus identify our research contribution with this 

project. 

1.2.1. Research Problem 

The management of tourist attractions encounters a range of intrinsic challenges due to the 

diversity and complexity of the experiences offered. Tourist attractions, which are central 

elements in the tourism system, significantly depend on the experiences they provide to 

attract and satisfy visitors. The variety of tourists' motivations and the need to create 

memorable experiences make managing these attractions a complex and multifaceted task. 

Furthermore, collaboration among various stakeholders, including public bodies, non-profit 

organisations, and private enterprises, are essential to address these challenges and ensure 

that visitors' expectations are met (Taylor, Frost, & Laing, 2017). Taking these considerations 

into account and in connection with the subject of this project, the research problem was 

identified. This research problem will serve as the catalyst for initiating the research process.  

Research Problem (RP1). Difficulty of responsible entities in managing the touristic 

attractions. 
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1.2.2. Research Objective 

This project is driven by the following research objective: 

Research Objective (RO). Analyse TripAdvisor reviews of Lisbon's selected tourist attractions 

(parks, viewpoints, and monuments) to assist the Lisbon City Council in managing resources 

to improve service delivery. 

1.2.3. Research Question 

Based on the research objective we defined above that this work is driven by the following 

research question: 

Research Question 1 (RQ1). How can these TripAdvisor reviews help in the strategic 

management of tourist attractions by the Lisbon City Council? 

Justification. Online reviews are a rich source of data that reflect visitor sentiments and 

experiences. Analysing these TripAdvisor reviews can provide to the Lisbon City Council 

actionable insights that can improve the strategic management of tourist attractions. 

Specifically, this analysis can identify prevailing visitor concerns, highlight areas requiring 

improvement, and pinpoint elements of the tourist experience that are highly valued. By 

integrating these insights into decision-making processes, the Lisbon City Council can enhance 

visitor satisfaction, better allocate resources, and prioritize interventions that align with visitor 

feedback. This approach may prove essential for sustaining the attractiveness and 

competitiveness of Lisbon as a tourist destination. 

1.2.4. Research Contributions 

This project is meant to contribute significantly to both the academic field of tourism data 

analytics and the practical realm of attractions management, more specifically in Lisbon. By 

employing a data-driven approach, this study aims to provide Lisbon's City Council with 

actionable insights for enhancing the visitor experience. Furthermore, the project highlights 

the potential of using Data Analytics in tourism, positioning Lisbon as a forward-thinking 

leader in leveraging technology for tourism management. 

Contribution 1 (C1): Addressing this question will showcase the value of user-generated 

content in enhancing city management and optimizing resource utilization. The study will 

reveal how sentiment analysis of TripAdvisor reviews can guide the Lisbon City Council's 

decisions, leading to improved visitor satisfaction. It will also provide practical insights into 

how policy adjustments informed by direct visitor feedback can improve tourism strategies. 
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2. LITERATURE REVIEW 

2.1.  SEARCH STRATEGY 

Search Terms. Based on the research question, keywords were used to search the primary 

study sources. The search string consists in determining the main terms from the topics being 

researched, including synonyms, related keywords, and alternative spelling, presented as 

follows: 

("online reviews" OR "reviews” OR "TripAdvisor") AND ("data mining" OR "sentiment 

analysis") AND ("tourism" OR "touristic" OR "touristic")  

Digital Libraries Searched. The research aimed to identify relevant literature within the 

domain under study. To search for all available literature pertinent to our research question, 

the following digital libraries were consulted: 

• Google Scholar 

• Scopus 

• Web of Science 

• IEEE Xplore 

• ScienceDirect 

• Springer Link 

• Google 

Publication Time Frame: The selected time frame (2015-2023) for scientific articles and web 

publications concerning online reviews and tourism management encapsulates significant 

shifts in online review platforms, technological advancements, and tourism trends. This 

duration facilitates comprehensive analysis and enables informed projections for the future. 

2.2. TOURISM IN PORTUGAL 

Tourism in Portugal is a critical sector for the Portuguese economy, and understanding its 

dynamics is essential for effective destination management. As reported by the World Travel 

& Tourism Hall (WTTC), tourism contributed to 19,1% of Portugal's total wealth in the last 

year, making Portugal the fifth-highest nation globally in terms of the tourism sector's impact 

on GDP (Gross Domestic Product). In addition to Greece and Portugal, other European 

countries with a substantial impact of tourism on their GDPs include Austria (15,4%), Spain 

(14,6%), Italy (13,2%), Turkey (12,1%), and the United Kingdom (11%). These figures exceed 

the European Union's average of 10,1%. In the context of the absolute value of tourism's 

contribution to GDP, Portugal ranks 29th among the 40 countries listed in the WTTC report. 

Portugal's tourism sector contributes 45 billion euros, which surpasses Greece's 44 billion 

euros (Portugal é o 5o País Com Maior Contributo Do Turismo Para o PIB, 2023). 
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The “Estratégia Turismo 2027” (ET2027) represents Portugal's long-term strategic vision for 

tourism, developed inclusively and innovatively. It aims to stabilize strategic decision-making, 

integrate sectoral policies, foster stakeholder interaction, and drive immediate to medium-

term strategic actions, positioning it as a key reference for future national tourism 

development (Turismo de Portugal, 2023). 

In 2022, the tourism sector in Portugal showed promising signs of rebounding from the 

pandemic's impacts, nearing the record levels of 2019 in key metrics such as overnight stays 

and guest numbers, and even exceeding 2019 figures in terms of tourism revenue. The sector 

welcomed 26.5 million guests, including 15.3 million international visitors, representing 

recoveries of 83,3% and 158,5%, respectively, compared to the same period in the previous 

year. However, these numbers were still marginally below those of 2019. The year 2022 

recorded a total of 69.5 million overnight stays, with the United Kingdom, Germany, Spain, 

France, and the USA being the top five source markets for Portugal. Regarding tourism 

revenues, which amounted to €21.1 billion in 2022, the leading markets were the United 

Kingdom, France, Spain, Germany, and the USA (Turismo de Portugal, 2023). 

The TravelBI platform, initiated by Turismo de Portugal in 2016, is a tool for understanding the 

dynamics of the tourism industry. The platform is designed to segment and tailor information 

for different stakeholders based on their unique needs. Its objectives include enhancing the 

utility and impact of available information and making data on tourism activities readily 

available to entrepreneurs, researchers, and industry professionals, thereby assisting them in 

optimizing management decisions and achieving improved outcomes (Turismo de Portugal, 

2023). However, it has been observed that this application does not yet feature the attractions 

that are discussed in this project therefore, we will not consider it in our analysis. 

This project on analysing TripAdvisor reviews of tourist attractions in Lisbon, particularly those 

managed by the Lisbon City Council, aligns well with the objectives and insights provided by 

the plans and strategies Portugal Government approved. The ET2027's emphasis on long-term 

strategic planning, combined with the detailed market and performance data available 

through TravelBI, can offer a robust framework for interpreting and leveraging visitor reviews. 

These reviews can be a valuable source of real-time feedback and insights into visitor 

experiences, preferences, and expectations. By integrating this qualitative data with the 

quantitative metrics available, the Lisbon City Council can make more informed decisions to 

enhance the visitor experience, improve destination management, and ultimately contribute 

to the sustainable growth of Lisbon's tourism sector. 

2.3. THE ROLE OF ONLINE REVIEWS 

In the realm of destination management, particularly concerning Lisbon's tourist attractions, 

online reviews play a critical role in influencing visitor perceptions and decision-making 

processes. Purnawirawan et al. (2015) and Zhang et al. (2018) provide complementary insights 
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into how online reviews can guide the Lisbon City Council’s strategies for managing tourist 

sites. 

Purnawirawan et al. (2015) highlight that the valence of online reviews whether positive or 

negative impacts perceived usefulness and attitudes towards attractions. They discovered 

that review sets with a balance of positive and negative comments are the most influential in 

shaping public perception. This finding suggests that Lisbon’s destination managers should 

consider the nuanced sentiment of reviews on platforms like TripAdvisor to enhance visitor 

experiences and make informed decisions for the improvement and promotion of tourist sites. 

Further extending this understanding, Zhang et al. (2018) focus on the influence of online 

reviews on consumers' impulse buying behaviours. Their study found that consumers derive 

both utilitarian and hedonic value from reading online reviews, which enhances their browsing 

behaviour and affects their urge to buy impulsively. This is particularly relevant for impulse 

decisions to visit tourist attractions in Lisbon. Zhang et al. note that individuals with higher 

impulsiveness are more influenced by the hedonic value of reviews, while those with lower 

impulsiveness focus on their utilitarian value. This dual nature of reviews could be leveraged 

by Lisbon’s City Council to tailor management and promotional strategies, enhancing the 

appeal of attractions and utilizing the power of online reviews in promoting tourism 

effectively. 

These insights collectively suggest a strategic approach to managing and responding to online 

reviews, considering their impact on both visitor perceptions and impulsive visitation 

decisions. 

2.4. TRIPADVISOR: OVERVIEW AND ITS IMPACT ON TOURISM 

2.4.1. Introduction to Tripadvisor 

TripAdvisor, established as a critical platform in the tourism industry, has revolutionized the 

way travellers and tourists make decisions about their destinations and experiences. It offers 

a rich database of user-generated content, including reviews and ratings of hotels, 

restaurants, attractions, and various travel-related services. This wealth of information has 

greatly influenced tourist behaviour, helping them make informed decisions based on the 

experiences and insights of others. Moreover, TripAdvisor does more than just offer reviews. 

It is also a key in helping manage destinations. Insights from the site are useful for travel 

authorities and commercial entities when they are making plans and decisions. Filieri et al. 

(2021) highlighted the factors that influence travellers continued use of TripAdvisor, such as 

perceived ease of use, online consumer review credibility, and online consumer review 

usefulness, which ultimately lead to customer satisfaction and continuance intention of user-

generated content (UGC) platforms. 
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2.4.2. Impact on Customer Satisfaction and Destination Image 

TripAdvisor's influence on customer satisfaction and destination image cannot be overstated. 

The study by Topacio et al. (2023) on Lakawon Island employed content analysis of TripAdvisor 

reviews, indicating that tangible aspects significantly shape customer perceptions of service 

quality. This highlights the platform's role in shaping the reputation and appeal of tourist 

destinations. In the study conducted by Mariani and Borghi (2023), it was emphasized that 

TripAdvisor reviews containing environmental discourse are perceived as more helpful, 

thereby exerting additional influence on destination image perception. These studies hold 

significance for this project as the data they uncover can be correlated with the cleanliness of 

attractions, which can be a topic in the upcoming discoveries. 

2.4.3. The Role of Word-Of-Mouth in Tourism Destination 

The role of word-of-mouth in the tourism industry, particularly through online platforms, is 

important in influencing tourist decisions and behaviours. An insightful study conducted by 

Mengyao Zhang et al. (2022) explored how word-of-mouth affects what tourists buy, 

highlighting the significant role of online reviews in shaping tourist expectations and choices, 

thus underlining the importance of digital platforms in the decision-making process of modern 

tourists. 

TripAdvisor, as a key platform for travel reviews and information, further exemplifies the 

influence of electronic word of mouth (e-WOM) in tourism. E-WOM refers to any informal 

communication shared via electronic means, such as social media, online review platforms, 

forums, blogs, or email, regarding products, services, brands, or experiences. E-WOM can 

include recommendations, opinions, reviews, comments, or discussions shared by consumers 

online. It plays a significant role in influencing consumer behaviour and shaping perceptions 

about products or services. 

A study by Reyes-Menéndez et al. (2019) emphasized that factors like the volume of e-WOM, 

source credibility, consumer involvement, and perceived e-WOM credibility have a significant 

impact on the adoption and credibility of e-WOM on platforms such as TripAdvisor. This 

research highlights the profound effect of TripAdvisor reviews in moulding tourists' 

perceptions and decision-making processes. 

These studies collectively emphasize the transformative role of online word-of-mouth in the 

tourism industry. By influencing tourist expectations and choices, platforms like TripAdvisor 

not only guide individual travel plans but also shape the broader dynamics of tourist behaviour 

and destination popularity. This shift in how tourists gather information and make decisions 

marks a significant change in the tourism sector, emphasizing the need for destination 

managers and businesses to actively engage with these digital platforms to effectively manage 

and influence tourist perceptions and experiences. 
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2.5. DESTINATION MANAGEMENT: STRATEGIES AND CHALLENGES 

In the realm of destination management, both strategies and challenges are deeply influenced 

by the evolving landscape of travel behaviour, technological advancements, and the growing 

importance of sustainable practices. The effective management of a destination requires a 

multifaceted approach that encompasses the strategic utilization of data, engagement with 

stakeholders, and a commitment to preserving the cultural and natural resources that make 

a place unique. This essay delves into contemporary strategies for destination management 

while addressing the challenges that come with these approaches. 

2.5.1. Strategic Approaches to Destination Management 

Data-Driven Decision-Making: In the age of big data, Destination Management Organizations 

(DMOs) increasingly rely on analytics to guide their strategies. User-generated content from 

platforms like TripAdvisor, social media analytics, and mobile tracking data offer insights into 

visitor behaviour, preferences, and satisfaction levels. This data enables DMOs to adjust their 

marketing efforts, improving visitor experiences, and making informed decisions regarding 

infrastructure development (Li, Xu, Tang, & Wang, 2018). 

As we navigate through the pressing environmental challenges of our time, the focus on 

sustainable tourism practices has become more crucial. Destinations around the globe are 

making collaborative efforts to embrace eco-friendly measures. This includes strategies to 

manage the flow of visitors to mitigate overcrowding, the conservation of natural landscapes, 

and the celebration of indigenous cultures. Such initiatives are vital not only for preserving 

these beautiful places for generations to come, but also for attracting a growing demographic 

of travellers who are increasingly conscious of their environmental impact (Gössling, Scott, & 

Hall, 2021). 

The importance of engaging local communities, businesses, and tourists in the tourism 

management process is also gaining recognition. By fostering a collaborative environment, 

there is a heightened sense of ownership among all stakeholders. This participatory approach, 

known as co-creation, enables the crafting of authentic experiences that reflect the unique 

character of the destination. It aims to satisfy the varying preferences of visitors while 

reinforcing the local economy and ensuring that the needs and expectations of different 

stakeholders are balanced. Such inclusive strategies are pivotal for sustainable development 

in tourism (Sigala, 2018). 

Moreover, in today's digital era, the integration of technology in tourism is not just an option 

but a necessity for destinations that wish to stay competitive. The embrace of digital 

marketing, the implementation of virtual reality to enrich visitor experiences, and the 

development of mobile applications for ease of access are enhancing the way tourists engage 

with destinations. Beyond these innovations, artificial intelligence and machine learning are 

offering invaluable predictive insights into visitor behaviours. This allows for a more proactive 

approach in managing resources and services, ensuring that destinations can offer 
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personalized and memorable experiences. The digital transformation within the tourism 

sector is paving the way for more personalized and engaging travel (Gretzel, Sigala, Xiang, & 

Koo, 2015). 

2.5.2. Challenges in Destination Management 

In today's interconnected world, destinations face significant challenges in meeting diverse 

visitor expectations while striving to provide exceptional experiences. Balancing the 

preservation of a destination's authenticity with the demands of commercial development is 

a delicate task. Issues such as managing overcrowding and ensuring high service quality are 

persistent challenges that are critical for maintaining a destination's attractiveness and 

ensuring it remains a welcoming and enjoyable place for all visitors (Bollenbach, Neubig, Hein, 

& Keller, 2024). 

The rapid advancement of technology further complicates destination management. 

Destination managers must constantly adapt to new digital tools and platforms, keeping pace 

with evolving digital marketing strategies, managing cybersecurity threats, and integrating 

innovative technologies to enhance the visitor experience. Staying informed of these 

technological changes requires continuous education and investment to ensure destinations 

remain competitive in an increasingly digital landscape (Bollenbach et al., 2024). 

2.6. BRIDGING THE GAP: FROM REVIEWS TO MANAGEMENT STRATEGIES 

The digital era has changed the tourism industry, moving away from old-fashioned marketing 

and management approaches to using data for decisions. Online platforms like TripAdvisor 

are crucial for understanding and influencing tourist experiences. This project investigates 

how visitor reviews on TripAdvisor can help the Lisbon City Council improve tourist attraction 

management. Visitor reviews are a rich source of insights, offering real-time feedback on 

tourist attractions. These reviews provide a nuanced understanding of visitor experiences, 

expectations, and areas requiring improvement. As highlighted by Purnawirawan et al. (2015) 

and Zhang et al. (2018), the sentiment and valence of online reviews significantly influence 

potential visitors' perceptions and decision-making processes. For the Lisbon City Council, 

leveraging these insights can inform strategic decisions, enhancing visitor satisfaction and 

managing tourist attractions more effectively. 

TripAdvisor reviews can serve as a metric for visitor satisfaction and destination image. Studies 

by Vetitnev et al. (2021) and Topacio et al. (2023) underscore the importance of analysing 

these reviews for sentiment and content, which can reveal tourists’ preferences and 

expectations. By employing sentiment analysis, the Lisbon City Council can identify patterns 

and trends in visitor feedback, enabling targeted improvements to attractions and services. 

This approach aligns with the objectives of the “Estratégia Turismo 2027” (Turismo de 

Portugal, 2023), which emphasizes the importance of stakeholder interaction and informed 

decision-making in tourism development. 
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Furthermore, spatial analysis of TripAdvisor reviews offers insights into how tourists interact 

with different areas of a destination. For Lisbon, mapping review data can help identify 

hotspots and underutilized attractions, guiding the distribution of resources and marketing 

efforts. This spatial understanding can aid in managing tourist flows, enhancing visitor 

experiences, and alleviating pressure on heavily visited sites (van der Zee, E., Bertocchi, D., & 

Vanneste, D., 2018). 

To strategically leverage online reviews for enhancing destination management, the Lisbon 

City Council could benefit from integrating this business intelligence tool, into their 

operational framework. This tool, tailored specifically for the Lisbon City Council’s needs, aims 

to analyse and synthesize online reviews, offering actionable insights for the improvement of 

the main attractions of Lisbon. This approach not only promises to align management 

strategies with real-time visitor feedback but also plays a pivotal role in the sustainable 

development of Lisbon’s tourism sector. Incorporating this level of intelligence and 

responsiveness into destination management will not only improve visitor satisfaction but also 

enhance Lisbon's reputation as a forward-thinking and adaptable tourist destination. 

2.7. SENTIMENT ANALYSIS IN THE CONTEXT OF TOURISM 

2.7.1. Understanding Sentiment Analysis 

Sentiment analysis is a field of study that uses natural language processing (NLP), text analysis, 

computational linguistics, and biometrics (refers to the use of linguistic and stylistic features 

of text to identify or authenticate individuals), to systematically identify, extract, quantify, and 

study affective states and subjective information. In simpler terms, it is about evaluating the 

sentiments expressed in a piece of text, often to determine the writer's attitude toward a 

particular topic or the overall contextual polarity of the document. This technique is 

increasingly important in sectors like tourism, where customer opinions and feedback play a 

pivotal role in shaping service quality and destination reputation (Almeida, Castro, Leiva, & 

Braga, 2024). 

2.7.2. Considering Neutral Reviews in Tourism Sentiment Analysis 

The digital age has revolutionized the tourism industry, shifting from traditional marketing and 

management practices to data-driven decision-making. Platforms like TripAdvisor play a vital 

role in understanding and shaping tourist experiences. This section explores how neutral 

reviews, often overlooked, can be as significant as feedback in sentiment analysis, providing 

deeper insights into visitor satisfaction and areas for improvement. Visitor reviews are a 

valuable resource, offering real-time feedback on tourist attractions. These reviews help 

uncover nuanced aspects of visitor experiences, expectations, and areas needing attention. 

For instance, a study by Abeysinghe and Bandara (2022) highlights a novel self-learning 

approach that enhances sentiment classification accuracy by including neutral reviews in the 

study, in order to capture more valuable insights. This method, applied to reviews, aims to 
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capture subtle signs of dissatisfaction that might otherwise be missed (Abeysinghe & Bandara, 

2022). 

Similarly, Valdivia, Luzón, and Herrera (2017) emphasize that neutral reviews often reflect a 

lack of enthusiasm or mild dissatisfaction. By considering these reviews along with the 

negative ones, the study provides a clearer picture of areas needing improvement, thereby 

enhancing the overall customer experience analysis (Valdivia et al., 2017). 

Additionally, Sharma and Goyal (2023) discuss various methodologies and challenges in 

sentiment analysis. Their study highlights that neutral sentiments often correlate more closely 

with negative feedback from the customer's perspective. Therefore, considering neutral 

reviews along with negative reviews in the dataframe can improve the precision and reliability 

of sentiment analysis models (Sharma & Goyal, 2023). 

By integrating neutral reviews in the dataframe, tourism managers can gain a more detailed 

understanding of customer sentiments. This comprehensive approach allows for the 

identification and resolution of potential issues, leading to improved customer satisfaction 

and more effective tourism management strategies.  

2.7.3. Relevant Sentiments in Reviews 

2.7.3.1. Sentiments around Money 

Monetary sentiments are crucial as they directly affect visitors' perceptions of value and 

overall satisfaction. Negative sentiments regarding high costs or poor value for money can 

discourage potential visitors, whereas positive reviews about fair pricing can enhance the 

destination's attractiveness. Berezina, Bilgihan, Cobanoglu, and Okumus (2016) found that 

price fairness significantly influences tourist satisfaction and their likelihood to recommend a 

destination. 

This analysis indicates that reviews mentioning money often reflect concerns about high ticket 

prices and value for money. For example, reviews frequently highlight whether an attraction 

is worth the admission fee, with sentiments ranging from satisfaction with reasonable pricing 

to dissatisfaction with perceived overcharging. Such insights can help the Lisbon City Council 

assess and adjust pricing strategies to enhance perceived value. 

2.7.3.2. Sentiments around Facilities Maintenance 

The maintenance and aesthetics of tourist attractions are critical factors that influence visitor 

satisfaction. Well-maintained facilities not only reflect positively on city management but also 

significantly enhance the visitor experience. Positive sentiments are associated with well-kept 

and aesthetically pleasing environments, whereas negative sentiments are linked to issues 

such as litter, graffiti, and general neglect. Ensuring regular maintenance and prompt 

responses to these issues can significantly improve visitor satisfaction (Prayag et al., 2024). 
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2.7.3.3. Sentiments around Customer Service 

Customer service is a pivotal element of the visitor experience. Positive interactions with staff 

can enhance overall satisfaction, while negative experiences can significantly detract from it. 

Sparks and Browning (2011) underscore the importance of staff behaviour and time 

responsiveness in shaping tourists' perceptions and reviews. 

Customer service reviews vary widely, with positive sentiments often praising friendly, quick 

and helpful staff, while negative sentiments typically mention unprofessional behaviour, slow 

and inadequate service. These reviews provide specific examples of interactions that can be 

addressed through staff training and policy adjustments, ultimately enhancing the visitor 

experience. 

2.7.4. Challenges of Sentiment Analysis 

Sentiment analysis in natural language processing (NLP) encounters numerous intricate 

challenges that affect its precision and reliability. One significant obstacle is the inherent 

subjectivity and context-dependency of sentiment expressions. Subtle nuances in sentences 

can lead to different sentiments, complicating the task for models to accurately interpret the 

intended meaning (Almeida, Castro, Leiva, & Braga, 2024). Additionally, detecting sarcasm, 

irony, and humour presents considerable difficulties since these linguistic features often 

convey sentiments contrary to their literal meanings. Negations and contrasting statements 

further complicate sentiment analysis by altering or reversing the expressed sentiment. 

Ambiguity in language also creates issues, with vague or unclear statements causing 

uncertainty in sentiment classification. Furthermore, the diversity of languages, dialects, and 

slang necessitates models that are robust across various linguistic variations. Data imbalance, 

where dataframes have disproportionate instances of specific sentiment classes, can bias 

model predictions and impair overall performance. Lastly, adapting models across different 

domains remains challenging, as sentiment expressions vary significantly between contexts 

like product reviews, social media posts, and news articles. Addressing these challenges 

requires the advancement of NLP techniques to better manage context, ambiguity, and 

linguistic diversity, as well as enhancing dataframe quality and model adaptation strategies to 

improve sentiment analysis accuracy (Almeida et al., 2024). 

2.7.5. Application of Sentiment Analysis in Tourism 

The application of sentiment analysis in tourism is multifaceted. It involves mining and 

analysing data from various sources like social media, blogs, and review platforms like 

TripAdvisor, to gauge public sentiment about tourist destinations, services, and experiences. 

For instance, a study revealed that visitors to Raja Ampat's tourist attractions generally 

expressed positive opinions, particularly about cultural diversity and undersea beauty. This 

was determined using sentiment analysis algorithms like Decision Trees and Support Vector 

Machines, showcasing the method's effectiveness in the tourism context (Astuti 

Kusumawicitra Laturiuw & Y. Singgalen, 2023). 
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Sentiment analysis aids in improving decision-making quality in tourism. For instance, Shefali 

Singh et al. (2021) employed sentiment analysis and topic modelling to mine reviews of 

popular tourist destinations in India. They found that joy was the most common emotion in 

visitors' experiences, providing valuable insights for enhancing tourism management (Singh, 

S., Chauhan, T., Wahi, V., & Meel, P., 2021). 

2.7.6. Impacts on Tourism Management and Marketing 

Sentiment analysis has become an essential tool in the tourism industry, providing critical 

insights into tourists' perceptions and emotions. This advanced analytical technique is 

fundamental in both tourism management and marketing, allowing businesses and 

destination managers to understand better and respond to tourists' feedback (Wen & Xu, 

2024). By applying sophisticated models like the BERT-BiLSTM-CNN-Attention framework, 

tourism professionals can process vast amounts of data to extract valuable sentiment 

information. 

Understanding tourists' sentiments enables destination managers to tailor their services and 

marketing strategies to meet visitor expectations, thereby enhancing overall satisfaction. The 

ability to analyse and interpret tourist reviews and feedback helps improve service quality and 

informs strategic marketing decisions. This, in turn, leads to better customer engagement and 

a stronger competitive position in the market (Wen & Xu, 2024). 

In the digital age, where tourists increasingly rely on online platforms to share their 

experiences, the role of sentiment analysis becomes even more significant. It allows for real-

time monitoring and response to tourist feedback, ensuring that destinations can quickly 

adapt to changing preferences and maintain high levels of customer satisfaction. This 

capability is not just about data analysis; it represents a strategic advantage in understanding 

and influencing tourist behaviour in a dynamic and competitive industry (Wen & Xu, 2024). 

2.8. DATA MINING AND ANALYTICS IN TOURISM RESEARCH 

2.8.1. Data Mining: Origins and Techniques 

Data mining is a concept rooted in computer science and statistics and involves the systematic 

exploration and analysis of large dataframes to uncover hidden patterns, correlations, and 

insights. This practice originated from the necessity to interpret the enormous volume of data 

generated in various domains, evolving significantly with advancements in technology and 

machine learning.  

Central to data mining are several key techniques:  

• Clustering, which groups data points with similar characteristics. 

• Classification, used to predict the category of data points. 

• Regression, for predicting a range of numeric values. 
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• Association rule learning, identifying rules that highlight relationships between 

independent data. 

Adding to these traditional techniques, the analysis of textual content—text mining—has 

become indispensable in extracting actionable insights from unstructured textual data. As the 

digital universe expands, text mining applies computational techniques to process and analyse 

text in natural languages, facilitating the understanding of content and context. 

Text Analysis in Data Mining:  

Tokenisation and Normalisation: Fundamental to text mining, these techniques prepare text 

data for deeper analysis by breaking down text into tokens (words or phrases) and 

standardising these tokens. 

Lemmatisation: This process involves reducing words to their base. Unlike stemming, 

lemmatisation considers the context and converts words to their meaningful base form 

according to their part-of-speech. This enhances the quality of text analysis by ensuring that 

words with different forms, but the same root are analysed as a single item.  

Vectorisation: Transforming text into a numerical format that can be handled by machine 

learning algorithms is crucial. Methods like Bag-of-Words, TF-IDF, and word embeddings are 

commonly used to capture the semantic properties of text.  

Named Entity Recognition (NER): This technique identifies and categorises key information in 

text into predefined categories such as names of people, organizations, locations, dates, and 

other specifics. It is essential for extracting structured information from text data, aiding in 

the enrichment of data analysis by providing clear, actionable insights into who, what, and 

where information is discussed.  

Semantic Analysis: Techniques such as Part-of-Speech tagging help elucidate the roles and 

relationships of words within texts, which are pivotal for understanding the grammatical 

structure of sentences. 

Sentiment Analysis: This technique assesses the emotional tone behind a body of text, 

invaluable for understanding consumer attitudes and opinions in reviews and social media.  

Topic Modelling: This probabilistic approach identifies themes across a large and diverse set 

of documents, helping in summarising and discovering latent topics within large volumes of 

text. 

2.8.2. Data Mining in the Tourism Sector 

In the realm of tourism, data mining has become an indispensable tool. It is utilized to sift 

through vast amounts of data from travellers, online booking systems, social media, and 

review platforms like TripAdvisor. This deep analysis helps decipher consumer behaviour, 
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preferences, and market trends, essential for informed decision-making in tourism 

management and marketing. 

A great example is the work of Yuensuk, T., Limpinan, P., Nuankaew, W. S., & Nuankaew, P. 

(2022), who developed a predictive model for cultural tourism management using text mining, 

a subset of data mining focusing on extracting useful information from textual data. Their 

model, employing the Naïve Bayes technique, achieved notable accuracy, showcasing the 

potential of data mining in cultural tourism management. One good example is the study by 

Sofiansyah Fadli, Saikin Saikin, and Maulana Ashari (2022), which utilized the decision tree 

technique to analyse the pattern of tourist visits on Lombok Island. Their research achieved 

impressive accuracy rates of 94% for train data and 92% for test data, showcasing the practical 

application and effectiveness of decision tree algorithms in tourism data analysis.  

These studies demonstrate how data mining can be used to understand tourism dynamics and 

patterns, providing valuable insights for destination management and marketing strategies. 

2.8.3. Implications and Challenges in Tourism Research 

In the field of tourism research, the utilization of data mining techniques, particularly 

sentiment analysis and topic modelling, has provided valuable insights into tourist behaviour 

and preferences. One such study conducted by N. A. Deraman et al. (2021) examined Twitter 

users’ sentiments towards domestic tourism in Malaysia during the Movement Control Order 

(MCO) period. Their analysis revealed a predominantly positive view towards the ability to 

travel domestically after the MCO, highlighting the application of data mining in 

understanding public sentiment in tourism during unique circumstances such as a pandemic 

(N. A. Deraman et al.).  

Looking ahead, data mining and analytics in tourism research are positioned to play a pivotal 

role. They facilitate more subtle marketing, better customer service, and effective destination 

management. The application of these techniques can also support sustainable tourism 

initiatives by identifying patterns conducive to environmental and cultural preservation. 

In summary, these studies demonstrate the profound impact of data mining on tourism 

research, offering deep insights into tourist sentiments and preferences. By analysing various 

complex data sources, such as social media and online reviews, data mining enables more 

informed decision-making, contributing to enhanced tourism experiences, and providing 

strategic direction for tourism development and marketing in a data-rich world. 

2.9. SUMMARY 

The literature review was conducted with a comprehensive search strategy using keywords 

related to online reviews, data mining, sentiment analysis, and tourism. The search spanned 

various digital libraries, including ACM Digital Library, IEEE Xplore, Scopus, Springer Link, and 

Google Scholar, among others, within the timeframe of 2011-2023. This period captures 
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significant shifts in online review platforms and technological advancements relevant to the 

tourism industry. 

From the 32 articles observed: 

• Scientific Articles: 87,5% (28 articles) were sourced from peer-reviewed journals and 

conferences. 

• Web Pages: 12,5% (4 Web Pages) were from reputable internet sources like 

government reports and industry publications. 

The focus areas of the literature review included: 

Topic Percentage Number of Articles 

Tourism in Portugal 12,5% 4 

Role of Online Reviews 15,6% 5 

TripAdvisor's Impact 9,4% 3 

Destination Management 15,6% 5 

Sentiment Analysis 31,3% 10 

Data Mining and Analytics 15,6% 5 

Total 100% 32 

Table 1 - Distribution of Focus Areas 

 

Conclusions: 

Tourism in Portugal: Tourism plays a vital role in Portugal's economy, contributing 19.1% to 

the total GDP in 2022. This places Portugal fifth globally in terms of tourism's impact on GDP. 

The sector showed promising signs of recovery from the pandemic, with significant rebounds 

in metrics such as overnight stays and guest numbers in 2022. Strategic initiatives like 

"Estratégia Turismo 2027" (ET2027) are designed to stabilize and innovate Portugal's tourism 

sector, aiming to integrate sectoral policies and drive strategic actions for long-term growth. 

The Role of Online Reviews: The literature points to the significant influence of online reviews 

on consumer behaviour, suggesting that both positive and negative reviews shape public 

perception and play a critical role in the decision-making process of potential tourists. Notably, 

some studies advocate for treating neutral reviews as negative, which helps in capturing 

subtle dissatisfaction among customers, providing a more accurate picture of visitor 

sentiment (Valdivia, Luzón, & Herrera, 2017; Sharma & Goyal, 2023). 
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TripAdvisor's Impact on Tourism: TripAdvisor's influence on tourism is profound, with Filieri 

et al. (2021) identifying factors such as ease of use, review credibility, and usefulness as critical 

to customer satisfaction and the continued use of the platform. Topacio et al. (2023) used 

content analysis to show how tangible aspects of service quality on TripAdvisor significantly 

shape customer perceptions, further emphasizing the platform's role in tourism. 

Destination Management Strategies: Li et al. (2018) stressed the importance of data-driven 

decision-making, utilizing big data from user-generated content for better marketing and 

infrastructure development. Gössling, Scott, and Hall (2021) emphasized sustainable tourism 

practices, including managing visitor flow and conserving natural landscapes. Sigala (2018) 

advocated for co-creation involving local communities and tourists in the management 

process to craft authentic experiences, balancing the needs of all stakeholders. 

Sentiment Analysis in Tourism: Sentiment analysis faces challenges like subjectivity, sarcasm, 

negations, and linguistic diversity, which complicate sentiment interpretation (Almeida et al., 

2024). However, it is crucial for understanding public sentiment about tourist destinations. 

Singh et al. (2021) demonstrated its application in improving service quality by mining data 

from social media and review platforms. 

Data Mining and Analytics: Data mining is an indispensable tool in tourism, used to analyse 

vast amounts of data from travellers, online booking systems, social media, and review 

platforms like TripAdvisor. Yuensuk et al. (2022) demonstrated the use of text mining for 

cultural tourism management with high accuracy in predictive models. Fadli et al. (2022) used 

decision tree techniques to analyse tourist visit patterns, achieving impressive accuracy rates. 

Integration with Lisbon's Tourism Management: The insights from TripAdvisor reviews and 

data mining techniques can significantly enhance Lisbon's tourism management. By analysing 

visitor feedback, the Lisbon City Council can make informed decisions to improve attractions, 

manage tourist flows, and promote sustainable tourism practices. This approach aligns with 

the objectives of ET2027, leveraging real-time data for strategic planning and development. 

Conclusion: The literature review highlights the transformative role of digital platforms and 

advanced analytical techniques in modern tourism management. By integrating sentiment 

analysis and data mining into their strategies, tourism managers can enhance visitor 

satisfaction, ensure sustainable development, and maintain a competitive advantage. 
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3. METHODOLOGY 

3.1. ETL METHODOLOGY 

This project utilises the ETL (Extract, Transform, Load) methodology, a systematic and 

structured approach that is used for effective data integration. The ETL process covers three 

essential stages, each designed to streamline the consolidation of data from the sources. 

These stages ensure the data is extracted, transformed, and efficiently loaded into the 

destination system for subsequent analysis. Specifically, in this instance, the data extraction 

occurs solely from one source, the TripAdvisor website, via web scraping and subsequently, 

the data is transformed and saved into CSV file on a local computer. 

 

 

Figure 1 - ETL Process 

 

3.1.1. Extraction 

This initial stage involves extracting data from one or several sources, which may include 

databases, spreadsheets, or other external systems. The primary goal is to accurately and 

efficiently extracting the necessary data while preserving its original integrity.  

In this project, the main point was the analysis of tourist attractions in Lisbon that are under 

the purview of the Lisbon City Council. The selection of these attractions was grounded upon 

the volume of reviews each received on TripAdvisor, a criterion used to indicate their 

popularity. This methodological choice was intended to deliver insights of the highest 

relevance for the management of these attractions. The principal aim was to optimise the 

utility of the findings in addressing the primary research question (RQ1), which concerns the 

strategic enhancement of attraction management. 

Ultimately, 19 attractions were selected: 

• Miradouro da Senhora do Monte 

• Castelo de São Jorge 
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• Mosteiro dos Jerónimos 

• Praça do Comércio (Terreiro do Paco) 

• Alfama 

• Torre de Belém 

• Padrão dos Descobrimentos 

• Bairro Alto 

• Miradouro São Pedro de Alcântara 

• LX Factory 

• Miradouro da Graça (Sophia de Mello Breyner Anderson 

• Parque Eduardo VII 

• Panteão Nacional 

• Estufa Fria 

• Jardim Da Estrela Park 

• Miradouro de Santa Catarina 

• Gulbenkian Garden 

• Jardim do Torel 

• Parque Florestal de Monsanto 

These 19 attractions were extracted via web scraping using the Selenium Python package. 

Data for each attraction was extracted from the first 150 pages listed in a text file (links.txt), 

which was specifically designed to facilitate the addition of more links without requiring 

modifications to the code. The URLs were intentionally chosen with a “.com” suffix to ensure 

that all reviews were automatically translated into English by TripAdvisor, thereby eliminating 

language variations. 

Upon successful data extraction, sophisticated methods were developed to navigate each 

TripAdvisor page effectively, ensuring the integrity and continuity of data collection. 

Techniques employed included the use of the "undetected_chromedriver" package, 

specifically designed to circumvent CAPTCHA blockers implemented by TripAdvisor. This 

strategy aimed to maintain uninterrupted data retrieval processes. 

However, over the course of the project's development, TripAdvisor implemented 

enhancements to its data protection mechanisms against web scraping. These changes 

ultimately thwarted the extraction of new data. Consequently, the project proceeded with the 

dataframe initially obtained, despite these limitations. The implications of these limitations 

will be discussed in greater detail in the upcoming section titled “3.1.1.2. EXTRACTION 

LIMITATION.” 
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3.1.1.1. Data Extracted from Tripadvisor 

Attraction Name: The name of the tourist attraction. 

Reviewer Username: The username of the individual who posted the review. 

Review Text: This primary qualitative data from each review underwent preprocessing, which 

included tokenization, lemmatization, sentiment analysis, topic modeling, named entity 

recognition, to derive meaningful insights. 

Rating: Each review includes a quantitative star rating, ranging from 1 to 5 stars, providing a 

direct measure of user satisfaction. 

Review Date: The date the review was posted, utilized to segment the data into periods 

before and after the awarding of a Michelin star, allowing for an analysis of temporal changes 

in sentiment. 

Number of Helpful Votes: This count reflects the number of times other users found a review 

helpful, serving as an additional measure of the review's impact. 

Reviewer Location: Information concerning the reviewer's location, which can offer context 

for the sentiments expressed in the reviews. 

URL ID: The unique identifier for the review URL on TripAdvisor. 

A review in TripAdvisor to be submitted in the website only needs to have a rating associated 

with the attraction name and its review date. Other fields are not mandatory to be submitted, 

being this a limitation for data quality. 

A total of 16.134 reviews were extracted from 19 different attractions, featuring varying 

volumes of reviews for each attraction. The reviews spanned a period from 2007 to 2024. 
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Figure 2 - Table of number of reviews per attraction and minimum and maximum review 

3.1.1.2. Extraction Limitation 

The project was supposed to establish a periodic triggering mechanism for data extraction, 

where the process could happen on a daily, weekly, or monthly basis. This was done using an 

incremental extraction method, also known as a delta load, after the initial broad-based 

extraction, termed full load. After the full load, which refers to the one characterized by large-

scale data extraction, other delta loads were done to validate a set of variables, mainly the 

'review text' and 'review date' columns. This is meant to fish out new reviews not currently in 

the records. If such are found and they are unique to the record, then such will be added on. 

This was to continuously add the latest information to the dataset about the attractions. Of 

course, where such entries already existed, they were not added to avoid redundancy of 

records. 

At different stages in the development of this work, TripAdvisor had been increasing its 

barriers to third-party web scraping attacks by deploying tools for bot blocking that included 

CAPTCHA and RECAPTCHA, which then thoroughly foiled the data extraction process. Even 

with numerous such attempts, e.g., through VPNs, proxies, and CAPTCHA bypass software like 

2Captcha, the extraction proved unsuccessful. The only possible way to complete regular data 

extraction at the desired frequency is by using TripAdvisor's API. However, this option is paid, 
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which will cause extra project expenses that cannot be afforded. Therefore, this project was 

completed with success in extracting data up to February 2024, and no more refreshes beyond 

that date. 

3.1.2. Transformation 

This is a crucial phase, allowing raw data to be converted into an appropriate form for analysis. 

Data transformation encompasses cleansing (removal of duplicates and correction of typos 

and other errors in data entries), data format change, data normalization, and business rules 

enforcement to make the data consistent and complete for analytics. 

The project operationalized transformations in the ETL using the Pandas library to clean and 

organize a variety of data steps: beginning with the removal of columns "URL ID," "Number of 

Helpful Votes," "Reviewer's Location," duplicates, and null values in the data frame to make it 

simple. The column for "URL ID" was deleted as it was unnecessary for the study. The 'Number 

of Helpful Votes' was dropped because there were very few reviews with that field, which only 

limited the data frame. On the other hand, the 'Reviewer's Location' had quite significant 

anomalies in the data for this variable, even after many transformation attempts. First, the 

data formats are largely varied among the reviews, and of course, it had many missing values. 

Although this information could have been of interest, the data quality was so poor that it 

could not be retained. 

The "Review Date" column is cleaned and converted into datetime objects; reviews are 

filtered to keep only those between 1st January 2020 and the current date, creating unique 

numeric identifiers for each review user using a username. Finally, it calculates the number of 

unique attractions mentioned in the reviews and outputs the processed data frame. This will 

prepare the data for more detailed analysis, or insights based on user reviews. 

3.1.3. Loading 

The final step in the ETL process involves loading transformed data into a target data 

repository. According to project requirements, it can be a data warehouse, database, or data 

lake. This stage is done gently to not affect the performance and responsiveness of the target 

system. In this, it will ensure that it enables practical business intelligence, reporting, or 

further data mining activities. 

This project will store the transformed data locally, and the final output will be saved as an 

Excel file on a local system. The technique will be chosen due to its simplicity and user-

friendliness. Because the project does not deal with voluminous data, an Excel file makes it 

easy to access data without having to rely on sophisticated data storage. This method 

conforms to the project's scope, addressing the requirement criteria accordingly to allow 

effective means of data handling and ease of data access for further analysis and reporting 

purposes. 
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3.2. CRISP-DM METHODOLOGY 

After the implementation of the ETL methodology, this project adopts the CRISP-DM (Cross-

Industry Standard Process for Data Mining) methodology. CRISP-DM provides a structured and 

comprehensive framework for data mining, encompassing six phases: 

Business Understanding: This phase focuses on understanding the project objectives and 

requirements from a business perspective, facilitating the formulation of data mining goals 

that align with business objectives. 

Data Understanding: This involves collecting initial data and proceeding with activities to get 

familiar with the data, to identify data quality issues, to discover first insights into the data, or 

to detect interesting subsets to form hypotheses for hidden information. 

Data Preparation: This phase covers all activities needed to construct the final dataframe from 

the initial raw data, which may involve table, record, and attribute selection, as well as data 

cleaning and transformation tasks. 

Modelling: In this stage, various modelling techniques are selected and applied, and their 

parameters are calibrated to optimal values. Typically, there are several techniques for the 

same data mining problem type. 

Evaluation: After modelling, this phase evaluates the model or models to ensure they meet 

the business objectives set in the first phase. It's important to assess the degree to which the 

selected model meets the business goals. 

Deployment: The final phase involves deploying the data mining solution to the business. This 

could include supplying the business with actionable insights, creating reports, or 

implementing repeatable data mining processes. 

To address Research Question 1 (RQ1), as previously defined, we employed methodologies 

including Sentiment Analysis, Named Entity Recognition, and Topic Modelling. These methods 

were evaluated using metrics such as coherence and perplexity scores. These methodologies 

will be discussed in greater detail in subsequent sections. 

 

Figure 3 - CRISP-DM Methodology 
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3.2.1. Business Understanding  

To fully grasp the business context and the objectives of this project, a comprehensive 

literature review was conducted. This literature review serves as the foundation of the 

Business Understanding phase of the CRISP-DM methodology. It included an exploration of 

existing research, utilizing both primary sources, through the extraction of data from 

TripAdvisor, and secondary sources, via the literature review. This thorough examination 

focused on the project's theme, which centres on the analysis of reviews, particularly neutral 

and negative ones. The objective is to enhance the management of the attractions that 

received these reviews. This exploration confirmed that reviews are broadly recognized as 

highly valuable, not only for managing attractions but also for aiding the decision-making 

processes of potential customers. 

3.2.2. Data Understanding 

Given that the Data Understanding aspect has been comprehensively addressed in the 

previous section on the “4.1. ETL METHODOLOGY”, it will not be extensively revisited here. 

However, it is important to highlight key outcomes following the data filtering process. 

Initially, the reviews dataframe comprised 16.134 reviews.  

For the filtered_reviews_df dataframe, filters were set to only include reviews from January 

1, 2020, to the latest date available, and removing duplicates and reviews without text, the 

dataframe shrank to 3.453 reviews. It was discarded reviews that only provided a rating since 

the text is essential for this project's analysis. 

During this filtering process, data pertaining to one attraction, 'Parque Florestal de Monsanto', 

was lost, leaving the dataframe with 18 attractions instead of 19. Upon reviewing the data 

that was successfully extracted, transformed, and loaded, the primary fields identified for use 

in this project are 'Attraction Name', 'Review Text', 'Rating', and 'Review Date'. It would have 

been particularly beneficial to also extract the exact time of each review (hour and minute) 

from the 'Review Date'. Such additional granularity could have enabled an analysis to 

determine if there is any correlation between the timings of the reviews and their ratings. 

However, it was determined that extracting this level of detail was impossible, as the precise 

time of each review (hour and minute) is not displayed on the TripAdvisor website’s front end, 

being this a limitation.  

3.2.3. Data Preparation 

 

Figure 4 - Schema of dataframes filtering process 
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3.2.3.1. Initial Configuration and Model Loading 

The Python script begins by loading a natural language processing model, en_core_web_sm, 

from the SpaCy library. This model is essential for basic natural language processing tasks, 

including accessing a predefined list of stopwords. Additionally, a lemmatizer, 

WordNetLemmatizer, from the NLTK library is instantiated to assist in text lemmatization. 

3.2.3.2. Text Preparation and Cleaning 

The text cleaning process is executed through the “clean_text” function, which converts all 

text to lowercase and removes non-alphabetic characters, retaining only letters and spaces. 

This step ensures uniformity of the data and prepares it for subsequent analysis by eliminating 

discrepancies caused by case variations or the presence of special characters. 

3.2.3.3. Tokenization and Lemmatization of Text 

The “lemmatize_text” function employs the “nltk.word_tokenize” method to split the text 

into individual words (tokens), a crucial step for textual analysis. After tokenization, words 

consisting of at least four characters are lemmatized to their dictionary forms using the 

predefined “lemmatizer”. This process helps reduce word variability due to different 

conjugated or derived forms and standardizes the text for future analysis.  

The choice of lemmatization over stemming aims to maintain semantic accuracy. 

Lemmatization considers the complete context of a word, whereas stemming may reduce 

words to base forms that do not carry independent meaning, potentially leading to 

misinterpretations of the data. Therefore, lemmatization is preferred in detailed analyses 

where precision is critical. 

3.2.3.4. Removal of Stopwords and Text Refinement 

The remove_stopwords function utilizes a combined list of words deemed irrelevant for 

analysis, sourced from SpaCy, NLTK, and a custom list. This removal occurs post-tokenization 

and focusses on eliminating 398 words that contribute minimally to the core meaning of the 

sentences. This step allows for more focused subsequent analysis and reduces susceptibility 

to noise. 
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Figure 5 - Removed Stopwords 

3.2.3.5. Application of Functions within the Dataframe 

Within the dataframe “filtered_reviews_df”, the cleaning, lemmatization, and stopwords 

removal functions are sequentially applied to the 'Review Text' column. Each review 

undergoes processing to remove impurities, normalize word forms, and eliminate 

unnecessary words, preparing the data for more accurate sentiment analysis. 

3.2.3.6. Sentiment Analysis and Categorization 

The TextBlob library is employed to calculate the sentiment polarity of the processed reviews, 

categorizing them as 'Positive' if sentiment polarity bigger than 0,1, 'Negative' if sentiment 

polarity smaller than (-0,1), or 'Neutral' if sentiment polarity between (-0,1) and 0,1 based on 

the polarity score obtained. This categorization process is crucial for assessing the overall 

customer perception of the services or products analysed. 

3.2.3.7. Filtering and Final Analysis of The Dataframe 

The dataframe undergoes further refinement through the application of specific filters that 

categorize reviews based on low ratings and neutral or negative sentiments. As a result of this 

filtering, the sentiment_df dataframe now contains 193 reviews, representing 1.5% of the 

entire dataset. This subset includes only reviews from between January 2020 and February 

2024 with negative or neutral sentiments. This selective filtering excluded four attractions: 

'Jardim do Torel', 'Miradouro da Senhora do Monte', 'Miradouro de Santa Catarina', and 

'Panteão Nacional', from the sentiment_df dataframe. To streamline the analysis and focus on 

metrics that are most relevant to our study, the column 'Reviewer's Username' were dropped. 

This filtering process highlights reviews that pinpoint potential areas for improvement, 

allowing for more targeted and effective enhancements to the management strategies for 

these attractions. 
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3.2.4. Modelling and Evaluation 

In this project, the modelling phase involves deploying topic modelling techniques to analyse 

text data, specifically using the Latent Dirichlet Allocation (LDA) model. This approach is 

chosen due to its robustness in handling dataframes and its effectiveness in revealing hidden 

thematic structures within text data. The LDA model will be evaluated using the coherence 

score and perplexity score. 

3.2.4.1. Preparation and Cleaning of Text 

The modelling process begins with text preprocessing. Utilising Gensim's simple_preprocess 

function, the text is tokenized, and punctuation is removed, with the deacc=True parameter 

ensuring the removal of accents. Furthermore, stopwords are filtered out using a predefined 

list from the NLTK library, ensuring that the data fed into the model captures only the most 

meaningful words. This preprocessing occurs within the sentiment_df dataframe on the 

'Cleaned Review Text' column, transforming the text into lists of clean and significant words. 

3.2.4.2. Creation of Dictionary and Corpus 

Following text cleaning, a dictionary is created from the tokenized words using 

corpora.Dictionary. This dictionary is then pruned to remove words that appear in fewer than 

two documents or in more than 95% of documents, focusing on terms that are relevant yet 

not overly common. The text is subsequently converted into a bag-of-words format using 

doc2bow, which translates documents into a list of tuples containing a word ID and its 

frequency. 

3.2.4.3. Evaluation and Computation of Coherence Score 

The function compute_coherence_values iterates over a range of topic numbers, constructing 

an LDA model for each configuration. Model parameters include: 

random_state=100: Ensures reproducibility by initializing the algorithm with a fixed seed. 

chunksize=100: Determines the number of documents to use in each training chunk. 

passes=15: Specifies the number of complete passes through the corpus during training. 

alpha='auto': Influences the distribution of topics across documents, allowing for flexibility. 

Each model's effectiveness is assessed using the coherence metric ('coherence='c_v'), which 

measures the semantic quality of the topics found. Higher coherence values indicate more 

meaningful and interpretable topics. 

 



  

27 
 

3.2.4.4. Evaluation of Perplexity Score 

The metric perplexity is employed to assess the predictive capability of probabilistic models, 

such as the Latent Dirichlet Allocation (LDA) used in topic modelling. Perplexity evaluates how 

well a model predicts a sample, serving as an indicator of the model's ability to generalize to 

unseen data. A lower perplexity score suggests that the model better predicts the data, as it 

indicates lower levels of surprise when encountering new, unseen documents. Perplexity is 

important for tuning and comparing LDA models. It is utilized to refine model parameters, 

such as the number of topics, and the hyperparameters alpha and beta. While models with 

lower perplexity scores are preferred, it is essential to also consider coherence measures to 

ensure the topics' interpretability and relevance. 

3.2.4.5. Sentiment Analysis of the Optimal Model 

In this project, the optimal topic model is visualized using pyLDAvis.gensim, which provides an 

interactive interface to explore the topics and their constituent words. This visualization tool 

is crucial for in-depth analysis as it allows stakeholders to interactively navigate through the 

topics, enhancing their understanding of the thematic structures revealed by the model. 

To rigorously assess the quality of the optimal model, both the coherence score and 

perplexity score are recalculated post-optimization. Coherence measures the semantic 

similarity between high-scoring words within each topic, providing an indicator of how 

interpretable the topics are.  

Perplexity, a key metric, assesses how well a probabilistic model predicts a sample, serving as 

an indicator of the model’s predictive power. This metric is particularly pertinent in topic 

modelling, aiding in the evaluation of how effectively the model generalizes from the data on 

which it was trained. It is important to note that the perplexity score is not as widely accepted 

as the coherence score. Therefore, our analysis will primarily focus on the coherence score, 

which is considered more indicative of model performance. 

3.2.5. Deployment 

3.2.5.1. Report 

Given the static nature of the dataframe (as no new data can be extracted from TripAdvisor), 

the deployment will focus on leveraging the insights obtained from the dataframe to inform 

and refine business strategies. This includes generating actionable recommendations and 

integrating findings into business processes.  

Executive Summary 

The executive summary serves as the introductory section of the report, providing a concise 

overview of the most critical findings from the analysis of neutral and negative sentiment 



  

28 
 

reviews. This section highlights key pain points, offering stakeholders a quick understanding 

of the areas that require urgent attention. Key elements include: 

• Total Number of Reviews Analysed: A summary of the number of reviews expressing 

neutral and negative sentiments and a brief description of the selection criteria used 

to identify these reviews. 

• Common Topics: Identification of recurring themes within the neutral or negative 

feedback, such as issues with infrastructure, customer service, or accessibility. 

• Most Affected Attractions: Details on which locations received the highest volume of 

negative feedback, pinpointing areas with the most significant impact. 

Detailed Analysis 

Following the executive summary, the detailed analysis delves deeper into the data, providing 

an extensive exploration of each issue highlighted in the summary. This section should be 

structured into several subsections, each dedicated to a specific attraction or theme. 

Components to include: 

• Direct Quotes from Reviews: Illustrative citations that clearly showcase the visitors' 

issues. 

• Quantitative Analysis of Ratings: An analysis of the ratings associated with neutral and 

negative reviews, highlighting trends or patterns over time, such as a deterioration in 

perception during peak tourist seasons. 

• Data Visualizations: Graphical representations, such as bar charts or heatmaps, to 

display the geographical distribution of criticisms or the frequency of specific themes 

by attraction. 

• Comparative Analysis: Benchmarks against similar attractions or best practices from 

other cities known for their tourism management, providing additional context to the 

findings. 

Conclusion 

The conclusion of the report should reiterate the significance of the insights generated and 

encourage action. It should emphasize how data-driven interventions can lead to significant 

improvements in tourist satisfaction and the overall perception of Lisbon's tourist attractions. 

This section should motivate stakeholders to implement the recommended strategies, 

highlighting the potential for positive change in the tourism sector. 
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4. PROPOSED SOLUTION 

In this section, we will analyse the results obtained and relate them to Research Question 1 

(RQ1) to adequately address it. 

4.1. CONCEPTUAL FRAMEWORK 

The conceptual framework of this project begins by extracting reviews of selected attractions 

from TripAdvisor. Then we focus on reviews characterized by neutral and negative sentiments. 

This inclusion brings significant advantages in treating neutral sentiment reviews along with 

the negative sentiment reviews in the dataframe. Studies such as those by Abeysinghe and 

Bandara (2022) and Valdivia et al. (2017) have demonstrated that neutral reviews often 

contain subtle signs of dissatisfaction or a lack of enthusiasm that are crucial for a 

comprehensive analysis. This methodological choice aims to capture a broader spectrum of 

visitor dissatisfaction that might otherwise remain unnoticed. 

We will specifically explore neutral and negative sentiments across three critical areas 

identified as impactful in our literature review: Value for Money, Attraction Maintenance, and 

Customer Service. Studies such as those by Berezina et al. (2016) on price fairness, Prayag et 

al. (2024) on the importance of maintenance, and Sparks and Browning (2011) on customer 

service quality, highlight the significance of these aspects in enhancing visitor satisfaction and 

attraction management. 

This focused sentiment analysis will aid the Lisbon City Hall in identifying areas for 

improvement and optimizing management strategies to enhance visitor experiences, aligning 

with modern data-driven decision-making practices in tourism management. 

 

Figure 6 - Conceptual Framework Schema 

 

 

 



  

30 
 

4.2. GENERAL DESCRIPTIVE ANALYSIS 

Based in the figures 7, 8, and 9 we can understand that despite the majority of the attractions 

being with a negative average sentiment, Estufa Fria stands out with a neutral sentiment 

score, although this is based on a single review, not being very representative. 

High-traffic attractions like Torre de Belém and Mosteiro dos Jerónimos, which received the 

most reviews (53 and 52, respectively), also exhibit slightly negative sentiment. This trend 

suggests that popular sites with more visibility face higher scrutiny and visitor expectations. 

Conversely, attractions with fewer reviews, such as Jardim Da Estrela Park and Parque 

Eduardo VII, show more extreme sentiment scores. Jardim Da Estrela Park, in particular, has a 

significantly negative sentiment, but this is based on very few reviews, indicating that the data 

should be interpreted with caution. 

To enhance visitor satisfaction, stakeholders should focus on addressing specific issues at 

popular sites with negative sentiments. Attractions with fewer reviews but noticeable 

sentiment scores could benefit from targeted marketing and engagement strategies. 

Additionally, further qualitative analysis and data collection are recommended for attractions 

with minimal reviews but extreme sentiment scores to better understand visitor feedback. 

These insights provide a foundation for strategic improvements to boost the overall visitor 

experience and reputation of Lisbon’s tourist attractions. 

 

 

Figure 7 - Table Displaying the Number of Reviews and Average Sentiment by Attraction 
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Figure 8 - Number of Reviews per Attraction 

 

 

Figure 9 - Average Sentiment per Attraction 
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Analysing the figure 10, of the 193 reviews, 88 of these reviews are rated as 3, representing 

45.6% of the total. Furthermore, 48 reviews, or 24.9%, have a rating of 2, indicating moderate 

dissatisfaction, while 57 reviews, making up 29.5%, are rated as 1, signifying severe 

dissatisfaction. 

 

 

Figure 10 - Number of reviews by Rating 

 

Based on the figure 11, we can analyse that from 2021 to 2023, there was a significant increase 

in the number of neutral and negative reviews, peaking in 2023 with 86 reviews. Notably, the 

data for 2024 only includes the first two months, accounting for the relatively low number of 

5 reviews. Additionally, 2020 marked the beginning of the pandemic. 

 

 

Figure 11 - Number of Reviews Over Time 

Based on Figure 12, we observe a slight increase in the number of reviews during the summer 

and spring. This trend is likely due to better weather during these seasons, attracting more 
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tourists and subsequently leading to more reviews. Therefore, it is important to focus efforts 

on these two seasons. 

 

 

Figure 12 - Reviews by Season 

4.3. NAMED ENTITY RECOGNITION ANALYSIS 

 

Figure 13 - Most Frequent Name Entity Types in final_df dataframe 

 

This graph displays the frequency of the most common types of named entities found in 

final_df reviews dataframe.  
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The entities are classified into these categories: 

TIME: With 50 occurrences, this is the most frequent category, likely referring to specific 

mentions of time such as durations or times of day. 

DATE: Appears 36 times, indicating references to specific days, dates of events, or other 

temporal landmarks. 

PERSON: With 34 mentions, this suggests that names of individuals are often cited in negative 

reviews, possibly in the context of customer service or accountability. 

NORP (Nationalities, Religious and Political groups): This category, with 26 occurrences, 

includes mentions of national, religious, or political groups. 

ORDINAL: Also with 26 occurrences, refers to terms like 'first', 'second', which may be 

associated with listings or rankings in a complaint. 

ORG (Organizations): Mentioned 24 times, indicating references to companies, institutions, or 

other organizations related to the reviews within final_df. 

CARDINAL: Cardinal numbers appear 17 times, possibly indicating quantities or statistics 

mentioned by reviewers. 

GPE (Geo-Political Entities): Geographical or political entities are referenced 13 times, 

suggesting specific locations such as countries, cities, or states. 

LOC (Locations): With 8 occurrences, refers to more generic locations or areas within larger 

locales. 

FAC (Facilities): Facilities mentioned 6 times, possibly reporting issues with infrastructure or 

amenities. 

QUANTITY, LANGUAGE, PRODUCT, and EVENT: Less frequent categories, with only 1 or 2 

mentions, indicating they are rarely focal points in final_df dataframe. This type of analysis 

helps to understand which aspects are most frequently highlighted in final_df dataframe and 

can guide improvements in services or products. 
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4.4. TOPIC MODELLING ANALYSIS 

4.4.1. Number of Topics 

The choice of two topics for this model was validated by these metrics: the higher coherence 

score indicates that the selected topics are meaningful and relevant, while the lower 

perplexity underscores the model’s effectiveness in capturing essential patterns within the 

data. Such an approach ensures that the final model is not only statistically robust but also 

practical and interpretable, facilitating actionable insights into customer feedback and 

sentiment.  

In this instance, the optimal model achieved a coherence score of approximately 0.391. 

Although not exceptionally high, this score suggests that the topics are reasonably coherent 

and semantically meaningful within the context of the analysis. 

Perplexity, another metric, evaluates how well the probabilistic model predicts a sample, 

acting as a gauge for the model’s predictive power. It is particularly relevant in topic modelling 

as it helps in understanding how effectively the model generalizes over the data it was trained 

on. In this case, the optimal model's perplexity was recorded at -6.4796, indicating a model 

with strong predictive accuracy. Lower values of perplexity signify that the model can more 

accurately predict unseen data, implying a better generalization from the training dataframe. 

 

Figure 14 - Optimal Topic Number by Coherence Score 
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Figure 15 - Optimal Topic Number by Perplexity Score 

In summary, the visualization and evaluation phases of this project underscore the 

effectiveness of the selected LDA model. By achieving a balance between coherence for 

interpretability and low perplexity, the model provides a nuanced understanding of the 

underlying themes in customer reviews. This comprehensive analysis aids in pinpointing 

specific areas of customer concerns, thereby guiding improvements in business practices and 

enhancing overall customer satisfaction. 

 

4.4.2. Understanding the Relevance Metric 

The relevance metric (λ), set to 1 in the figure 16 and figure 17, plays a crucial role in 

determining how terms are selected for display in the bar chart. Setting λ to 1 focuses the 

term selection on their frequency within the specific topic, disregarding their distinctiveness 

across the entire corpus. This setting is typically used when the aim is to understand what 

terms are most common in discussions pertaining to the topic, rather than identifying terms 

that are uniquely associated with a topic but might appear less frequently. 

When the relevance metric, λ, is adjusted to 0, the approach becomes more about pinpointing 

what makes the topic stand out rather than just how often certain terms pop up. This setting 

homes in on the terms that are quintessentially tied to the topic—those unique keywords that 

might not come up often but really define what it's all about. It’s especially helpful for digging 

into those specialized or niche terms that are pivotal in shaping the identity of the topic but 

aren’t necessarily the most talked about. 
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Choosing a middle ground, like setting λ to 0.5, blends the focus on both the popular terms 

and the unique ones. This balanced approach pulls together a broad spectrum of terms, 

capturing both the usual suspects in discussions and those distinctive words that give flavor 

to the topic. This kind of setting is ideal when you want a comprehensive overview that 

includes both the general chatter and the special terms that provide deeper insights into the 

topic. 

 

4.4.3. Analysis of the LDA Topic 1 

 

Figure 16 - LDA Graph for Topic 1 

Intertopic Distance Map: The Intertopic Distance Map is a pivotal visualization in LDA output. 

It utilizes multidimensional scaling (MDS) to spatially represent the relationships between the 

topics identified by the LDA model. Each topic is depicted as a circle in a two-dimensional 

plane. The distance between any two circles reflects how different the topics are—the closer 

two topics are, the more similar they are in terms of their constituent terms and themes. In 

this specific situation, with only two topics represented by blue and red circles, the size and 

placement play a crucial role in understanding their relative importance and distinction. The 

larger size of the red circle for Topic 1 visually indicates that it is more dominant within the 

dataframe, meaning it comprises a larger proportion of the document corpus. 

Top-30 Most Relevant Terms for Topic 1: On the other side of the graph, the bar chart that 

details the top-30 most relevant terms for Topic 1 offers an in-depth look at the lexical 

foundation of the topic. The division of each bar into red and blue segments provides dual 

information: the red segment shows the term's frequency within Topic 1, emphasizing its 

importance to that specific topic, while the blue segment represents the term's general 
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frequency across the entire dataframe. This dual-segment approach helps in understanding 

not only how central a term is to a topic but also its utility in differentiating between topics. 

By understanding the predominant themes and terms in Topic 1, as suggested by terms like 

"time," "like," "people," and "year," analysts can infer that this topic likely deals with broader 

discussions on human experiences and temporal dynamics. This can guide further inquiry or 

decision-making, especially in contexts where understanding trends, sentiments, or 

behaviours over time is crucial. 

 

4.4.4. Analysis of the LDA Topic 2 

 

Figure 17 - LDA Graph for Topic 2 

Intertopic Distance Map: The Intertopic Distance Map in the second LDA graph continues to 

utilize multidimensional scaling to visually represent the relationships between the topics 

derived from the dataframe. In this map, Topic 2 is represented by a blue circle, while Topic 1 

is in red. The size of each circle is indicative of the topic's prevalence within the corpus, with 

a larger blue circle for Topic 2 suggesting that it encompasses a more significant portion of the 

dataframe compared to Topic 1. The spatial distance between the two circles highlights the 

distinctiveness of the topics, indicating that the themes and terms predominant in Topic 2 are 

relatively unique and well-separated from those in Topic 1. 

Top-30 Most Relevant Terms for Topic 2: The bar chart on the right side provides a list of the 

top 30 terms most relevant to Topic 2, with the relevance metric (λ) set to 1. This setting 

prioritizes terms based on their frequency within Topic 2, emphasizing those that are most 

common in discussions related to this topic without considering their exclusivity. The terms 
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such as "square," "people," "street," "monument," and "building" point to a thematic 

concentration on physical spaces and urban environments. This suggests that Topic 2 

predominantly deals with locations, urban landscapes, and architectural elements, which 

could be critical for applications such as urban planning, tourism, or cultural studies. 

Visual and Analytical Implications: The division of each term into red and blue segments in 

the bar chart enriches the analytical depth by showing not only how pivotal these terms are 

to Topic 2 but also their significance across the entire text corpus. The red portion of each bar, 

indicating the term’s frequency within Topic 2, alongside the blue portion, representing its 

overall corpus frequency, allows analysts to gauge both the term’s centrality to the topic and 

its general importance or commonality. 

Topic 2 focuses on physical structures and locations can inform more targeted strategies in 

areas such as urban development, historical preservation, and tourism marketing. For 

example, city planners and architects might use insights from Topic 2 to understand common 

patterns or popular sentiments about urban spaces, which can guide future projects or 

conservation efforts. 

 

4.4.5. Topic Models Considerations 

 

Figure 18 - Number of Reviews per LDA Topic 

As we can observe in figure 18, in our analysis of customer reviews, two predominant topics 

emerged, reflecting distinct aspects of visitor experiences. Topic 1, which accounts for 69.43% 

of the discussions with 134 mentions, predominantly revolves around experiences related to 

waiting times and ticket purchasing. This indicates that logistical aspects of accessing 

attractions are a significant concern for visitors and suggest areas in need of improvement to 

enhance visitor flow and satisfaction. On the other hand, Topic 2, although less frequent with 
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only 59 mentions accounting for 30.57% of the reviews, focuses on experiences in public areas 

such as monuments and squares. Despite its lower frequency, the discussions on this topic 

highlight the importance of the aesthetic and recreational quality of public spaces, suggesting 

that these areas also significantly impact overall visitor satisfaction. 

The analysis clearly shows that while issues related to queues and ticket purchasing are the 

most pressing concerns noted by visitors, the quality of experiences in public spaces cannot 

be overlooked. Both topics underscore different facets of visitor experiences that are crucial 

for overall satisfaction. Addressing these concerns, particularly the logistical challenges in 

Topic 1 and enhancing the visitor engagement in public areas as discussed in Topic 2, will likely 

improve the attractiveness and functionality of the attractions under review, thereby 

potentially boosting overall visitor satisfaction in Lisbon's key tourist spots. 

In this case, the optimal model's perplexity was recorded at -6.4796, indicating a model with 

strong predictive accuracy. Lower values of perplexity signify that the model can more 

accurately predict unseen data, implying a better generalization from the training dataframe. 

 

Figure 19 - Top 10 Most Used Words for Topic 1 

 

Figure 20 - Top 10 Most Used Words for Topic 2 

The analysis of key terms from the word clouds reveals distinct thematic focuses across two 

major topics identified from visitor reviews. 
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TOPIC 1 ANALYSIS 

In Topic 1, the key words such as "line," "time," "queue," "ticket," "long," "hour," "visit," 

"wait," "tower," and "people" predominantly relate to the logistical aspects of visiting tourist 

attractions. The frequent mentions of "line" and "queue" highlight the common experience of 

spending significant amounts of time waiting, which is further underscored by the words 

"long" and "hour." The term "ticket" along with "wait" specifically points to the time spent in 

acquiring access to attractions, suggesting that ticket purchasing processes could be a major 

source of frustration for visitors. The word "Belém" might indicate that these discussions are 

often centred around a specific, notable tourist site, possibly involving significant historical or 

cultural interest. 

TOPIC 2 ANALYSIS 

Turning to Topic 2, the presence of words like "monument," "back," "square," "street," 

"people," "restaurant," "building," "Belem," "time," and "much" paints a vivid picture of 

experiences in public spaces. The terms "monument," "square," and "street" suggest that the 

discussions revolve around the physical and architectural elements of public areas, likely 

focusing on the aesthetics and accessibility of these spaces. "Restaurant" and "building" 

indicate interactions with specific facilities within these areas, reflecting on the infrastructure 

and services available to visitors. Notably, the mention of "Belem" points to specific references 

to this well-known tourist area, highlighting its prominence in visitor experiences. 

CONCLUSION 

The word cloud analysis succinctly divides the visitor feedback into two main categories: 

logistical challenges associated with waiting times and ticket purchasing (Topic 1), and the 

experiential quality of public spaces and structures (Topic 2). Topic 1 underscores a need for 

efficiency improvements in how visitors access and experience key attractions, potentially 

through better queue management and ticketing processes. Topic 2 invites a deeper 

consideration of how public spaces are maintained and presented, enhancing the overall 

visitor experience by improving the ambiance and services in areas frequented by tourists. 

Together, these topics provide a valuable framework for understanding the primary concerns 

and pleasures that shape visitor experiences at tourist sites. 
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4.5. MOST USED WORDS ANALYSIS 

 

 

Figure 21 - Most Frequent Words 

In this a histogram that displays the most frequent words in a dataframe of final_df. Each bar 

represents a different word, and the height of the bar indicates the frequency of that word 

within the reviews. The word 'ticket' is the most frequent, appearing 123 times. This is 

followed by other words such as 'line' (88 times), 'time' (79 times), 'people' (68 times), and 

'queue' (67 times). The words are arranged in descending order of frequency and vary in 

theme, highlighting common issues raised in the reviews, such as lengthy waits ('hour', 'wait', 

'minute') and location-related problems ('place', 'area', 'building'). This type of analysis can be 

instrumental in identifying and addressing recurring issues in services or products. 

The word clouds of each attraction, which is distributed in the appendix starting with the 

figure 22 to 35, will be analysed. Word Clouds for the different sites in Lisbon give an 

exemplary realization of what the experience by the visitors is and what is considered centre 

stage at each location.  

Parque Eduardo VII 

It brings about the human element at Parque Eduardo VII, where very dominant words to pop 

up for the location are "greenhouse," "park," "estufa," and "event," the primary 

representation of the botanical garden and for events associated with it. It then emerges 

through the facts that the park should host critical land points and involve varied activities, 

considering the existence of words like "north," "point," and "present" in the park. 
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Miradouro São Pedro de Alcântara 

Vital descriptive words in the word cloud of Miradouro São Pedro de Alcântara, such as "view," 

"wooden," "booth," and "small," speak of its scenic qualities and quaint structural details that 

enhance the visit. Then, there are commonplace phrases within it, like "came," "always," and 

"they're," to go on shaping a picture of a viewpoint much loved and visited many times over. 

Miradouro da Graça 

At Miradouro da Graça (Sophia de Mello Breyner Andresen), the words "view," "construction," 

"obscured," and "edge" in that succession somehow clarify the view and the immediate 

obstruction due to the construction works. Words such as "close" and "unfortunately" pin 

some level of displeasure by the visiting respondents, especially regarding access or views 

significantly limited by restrictions. 

Torre de Belém 

The word cloud of Torre de Belém mainly comprises practical words such as tower, queue, 

inside, and ticket that communicate the pragmatic issues the visitor has to confront in the 

given historical site. Words like "people," "view," and "time" could be associated with the 

place having its moment and views disposed of by the visitors. 

Padrão dos Descobrimentos 

Padrão dos Descobrimentos includes words like "monument," "tower," "river," and "view"; 

then, this is a manner to underline the importance of the referendum, positioned there, and 

under the river, a scenic setting, the historical terms used were "discovery," "prow," and 

"Belém," giving context both to its. 

 

Castelo de São Jorge 

Castelo de São Jorge describes it as the castle, a view, ticket, and entrance that shows, in other 

words, the practical consideration of its visit. "City" and "visit" point to attractiveness toward 

the person who likes traveling with a beautiful city view and exploring its history. Long, visit, 

line, entrance. 
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Estufa Fria 

The word cloud for the Estufa Fria would be made up of words like "botanical," "garden," 

"parque," and "humid," thus correctly staying away from the description of the botanical 

garden and the humid greenhouse. There are also more particular words, such as "upper," 

"sheltered," and "corner," which describe a few parts of the garden which people may find 

interesting to go to. 

 

Gulbenkian Garden 

Gulbenkian Garden brings words like “buildings”, “area”, “surrounded”, and “tiny”, brings out 

that the Gulbenkian Garden doesn’t seem to be big enough for these reviews. It is the 

ambivalence that comes up because of words like “nice”, “ugly”, “rest”, and “expect”, all of 

which make possible various impressions and attitudes projected by the visitors. 

 

Jardim Da Estrela Park 

The chosen words, like "garbage," "dirty," and the word sweeping, charge the subject with 

negativity in what it represents and bring forth issues of not being clean at Jardim Da Estrela 

Park. The elements "spending," "hour," and "staff" pertain to how this issue is evaluated in 

time used and having maintenance staff in the park. 

 

Bairro Alto 

An overall word cloud for Bairro Alto words like "young," "city," "tourist," and "dirty" scream 

it as a dynamic but sometimes dirty environment familiar to young tourists. Other crowded 

market scenes are suggested with the words "stall," "bica," and "woman." 

 

Praça do Comércio (Terreiro do Paço) 

Praça do Comércio (Terreiro do Paço) is described as a "square," "tourist," "river," and 

"building" - emphasizes that it is the area to go, with a fantastic view from behind the Tagus 

River. This part uses the words "metro," "station," and "ministry," as those are places where 

people can quickly arrive and at the same time, there lies the massive administrative head. 
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Mosteiro dos Jerónimos 

Mosteiro dos Jerónimos is described by logistic words or place, "ticket," "line," "queue," and 

"visit" which are all related to going to that famous tourist spot. By pointing out "church," 

"people," and "monastery," it gives a highlight of its religious and historical importance. 

 

LX Factory 

"Restaurant," "shop," "overpriced," and "visit" can be used to characterize the commercial 

and social life of LX Factory. "Open," "time," and "disappointing" express the kind of mixed 

feelings towards tidbits and experiences in this so hip place. 

 

Alfama 

Lastly, Alfama's word cloud shows its architectural charm and cultural depth when 

"neighbourhood," "building," "tile," and "place" are thought about. On the practical side, 

"dirty," "street," and "narrow" can easily indicate the difficulty of this place in terms of moving 

along its quaint but cramped streets. 

The word clouds appear as sensitive photographs of the visitor experience at different 

landmarks of Lisbon with the indications of the saliency of the positive qualities and the areas 

that need performing to raise the visitor experience and management of the attraction. 

 

4.6. INTERPRETING THE RESULTS: VISITOR REVIEWS AND THEIR IMPLICATIONS 

Based on the analysis of 193 reviews spread across 14 attractions in Lisbon, it becomes evident 

that not all attractions carry equal weight in the dataset due to their varied distribution of 

reviews. This suggests a limitation in obtaining representative samples for some attractions, 

despite the valuable insights they provide. 

Through topic modeling, two main themes were identified within the dataset: one relating to 

waiting times, queues, and ticketing, and another focusing on public physical spaces. The 

predominance of words related to waiting times confirms that access issues are a critical point 

for visitors. 

The word clouds for each attraction provide a detailed view of associated words, enhancing 

our understanding of specific issues. Attractions like the Torre de Belém, Mosteiro dos 

Jerónimos, Castelo de São Jorge, Bairro Alto, Praça do Comércio, LX Factory, Alfama, and 

Padrão dos Descobrimentos stand out for having a higher number of reviews with neutral and 
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negative sentiments. The main issues highlighted across these attractions relate 

predominantly to waiting times, cleanliness, and pricing. 

Furthermore, named entity recognition analysis revealed that 'time' related entities are the 

most identified in the reviews, underscoring the importance of this issue in the visitor 

experience. 

Utilizing these insights effectively and not neglecting the opinions of tourists is crucial for 

mitigating the poor outcomes observed in the reviews. Thus, these reviews, albeit less 

favorable, are always a valuable feedback mechanism for improving the management of 

Lisbon's attractions under the governance of the Lisbon City Council. This approach not only 

addresses the primary research question but also aligns with the conceptual framework 

previously considered, ensuring that the management of tourist attractions in Lisbon not only 

enhances visitor satisfaction but also strengthens the overall appeal and reputation of these 

sites. 

4.7. STRATEGIC INSIGHTS FOR DESTINATION MANAGEMENT IN LISBON 

To address Research Question 1 effectively, it's essential to implement solutions for the issues 

identified in this project, as detailed previously. To achieve a more positive classification 

moving forward, we suggest to our client, the Lisbon City Council, to focus on specific aspects 

of the tourist attractions discussed above. Here are targeted recommendations: 

 

Cleanliness: Focus on enhancing cleanliness, particularly at Gulbenkian Garden, Jardim da 

Estrela, Bairro Alto, and Alfama. Maintaining these areas will not only improve visitor 

satisfaction but also elevate the overall image of these popular destinations. 

Pricing Concerns: Specifically for LX Factory, it would be beneficial to review and analyze 

current pricing strategies. Understanding visitors’ perceptions regarding value for money can 

guide adjustments in pricing or enhance the visitor experience to justify the costs. 

Customer Service and Experience Quality: Pay special attention to improving customer service 

at major landmarks such as Torre de Belém, Castelo de São Jorge, Mosteiro dos Jerónimos, 

and LX Factory. Enhancements in staff training, information availability, and overall visitor 

interaction can significantly impact visitor perceptions and experiences. 

By addressing these key areas, the Lisbon City Council can substantially improve the 

experience for tourists and locals alike, ensuring that the attractions not only meet but exceed 

expectations. These improvements will directly contribute to better review scores and more 

positive feedback, fostering a more inviting atmosphere for visitors to Lisbon's cherished sites. 
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4.8. THREATS TO VALIDITY  

The following types of validity issues were considered when interpreting the results from this 

review. 

Construct validity. Refers to the ability that measurements and procedures used in a study 
may or may not accurately reflect the theoretical concepts they are intended to represent. 
The data collection period may be short for an accurate analysis of all attractions, and 
therefore, the correspondent outcomes may be limited. To overcome this challenge, multiple 
and distinct attractions were used.  
 
Internal validity. Refers to the extent to which it can be confidently established that a causal 
relationship exists between variables in a study, without being influenced by other factors or 
variables. With more details about the reviews, causal-effect relationships would probably 
emerge, and this could impact further analysis. Different methods, models and interpretations 
may derive from this.  
 
External validity. Refers to the degree to which the results of a study can be transferred or 
generalized to other contexts or groups. This work is based on evaluating reviews about a 
limited number of attractions. A replication of this study, using different attractions, in 
different locations, is necessary. For this purpose, the datasets and notebooks used are being 
made public. 
 
Conclusion validity. The ability to draw statistically correct conclusions based on the 
measurements is related with this validity. A common threat is sample size; however, a 
sufficiently large number of reviews were used to make sure statistical significance was 
achieved. 
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5. CONCLUSIONS 

5.1. SUMMARIZING KEY FINDINGS 

According to our project, we have identified specific challenges within some attractions based 

on TripAdvisor reviews. The analysis indicated that landmarks such as the Torre de Belém, 

Mosteiro dos Jerónimos, and Castelo de São Jorge face significant issues related to long 

waiting times, cleanliness, and pricing. Additionally, public spaces like Bairro Alto and Alfama 

were frequently mentioned concerning cleanliness and aesthetic maintenance. These findings 

emphasize two principal themes: logistical issues and the quality of public spaces. Addressing 

these issues could substantially improve visitor satisfaction. Implementing more efficient 

processes for ticket purchasing and queue management, along with enhancing maintenance 

and presentation of public spaces, are recommended actions to improve the overall visitor 

experience. 

5.2. BENEFITS 

The benefits of this study are manifold for both cities and researchers. For municipal 

management, especially for the city of Lisbon, the insights provide a clear roadmap for 

enhancing tourist satisfaction and overall management of attractions. Implementing these 

recommendations could lead to better resource allocation, increased tourist satisfaction, and 

a competitive edge in the tourism sector. For researchers, the methodology employed in this 

study, integrating sentiment analysis and topic modelling, provides a robust framework for 

analysing large volumes of unstructured data. This approach can be replicated in other 

contexts or cities to gain valuable insights into tourist behaviour and preferences. The 

importance of ongoing data collection and analysis is highlighted, supporting continuous 

improvements and strategic planning. 

These benefits directly align with Research Question 1 (RQ1): "How can TripAdvisor reviews 

aid in the strategic management of tourist attractions by the Lisbon City Council?" The analysis 

of reviews provides actionable insights that can enhance strategic management of tourist 

attractions by identifying prevalent visitor concerns and highlighting areas requiring 

improvement. 

Additionally, Contribution 1 (C1) of this project demonstrates the value of user-generated 

content in optimizing city management and resource utilization. Analysis of TripAdvisor 

reviews can guide the decisions of the Lisbon City Council, leading to enhanced visitor 

satisfaction. This approach underscores the importance of adjusting policies based on direct 

visitor feedback, improving tourism strategies. 
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5.3. FUTURE WORK 

Several areas for future research were beyond the scope of this study. Firstly, extending the 

analysis to include other major cities such as Porto could provide a comparative understanding 

of tourist experiences across different regions. Additionally, employing advanced techniques 

like Named Entity Recognition (NER) could further refine the analysis by identifying specific 

entities such as brands or landmarks mentioned in reviews, offering deeper insights into 

visitor experiences. 

Potential areas for future work include clustering analyses to identify patterns among 

reviewers, such as preferences based on nationality or frequency of reviews. Conducting 

similar studies in different contexts, such as cultural or historical tourism, could also generate 

valuable insights. Integrating new data sources and enhancing the current methodology with 

real-time data analysis could significantly benefit destination management strategies, making 

them more adaptive and responsive to tourist needs. Exploring, for instance, the most 

frequent reviewers by country and targeting specific campaigns to these nationalities could 

also be a strategic approach, leveraging clustering techniques to identify these patterns. 

Thus, the continuation of this work will allow for the expansion of initial contributions, 

reinforcing the utility of TripAdvisor reviews and data analysis techniques in developing more 

effective and customer-oriented tourism management strategies. 
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APPENDIX A 

 

Figure 22 - Top 10 Most Used Words for Parque Eduardo VII 

 

Figure 23 - Top 10 Most Used Words for Miradouro São Pedro de Alcântara 

 

Figure 24 - Top 10 Most Used Words for Miradouro da Graça 

 

Figure 25 - Top 10 Most Used Words for Torre de Belém 

 

Figure 26 - Top 10 Most Used Words for Padrão dos Descobrimentos 
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Figure 27 - Top 10 Most Used Words for Castelo de São Jorge 

 

Figure 28 - Top 10 Most Used Words for Estufa Fria 

 

Figure 29 - Top 10 Most Used Words for Gulbenkian Garden 

 

Figure 30 - Top 10 Most Used Words for Jardim da Estrela 

 

Figure 31 - Top 10 Most Used Words for Bairro Alto 
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Figure 32 - Top 10 Most Used Words for Alfama 

 

Figure 33 - Top 10 Most Used Words for Praça do Comércio 

 

Figure 34 - Top 10 Most Used Words for Mosteiro dos Jerónimos 

 

Figure 35 - Top 10 Most Used Words for Lx Factory 
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