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Resumo 

Atualmente, os comentários deixados pelos clientes desempenham um papel vital na 

determinação do sucesso de um negócio, especialmente na indústria da hospitalidade, 

onde o feedback online é abundante e influente. No entanto, o elevado volume de 

comentários representa um desafio para os proprietários e gestores de hotéis, que 

necessitam de formas eficientes para extrair informações úteis. Esta dissertação pretende 

solucionar o problema ao desenvolver o FeedbackFunnel , um modelo de Processamento 

de Linguagem Natural (NLP) capaz de analisar e resumir as opiniões dos clientes, 

fornecendo informações concisas e significativas. 

O modelo é constituído por três componentes: análise de sentimentos, síntese de features 

e sumarização multidocumento. De forma a aumentar o seu desempenho, cada 

componente foi rigorosamente testado e melhorado individualmente. A análise de 

sentimentos foi realizada utilizando regressão logística combinada com um modelo de 

unigramas TF-IDF, escolhido pela sua eficácia em classificar sentimentos com precisão. 

A componente de síntese de features para criação de frases, condensou características-

chave da análise de sentimentos em frases, resumindo os aspetos positivos e negativos 

mais notáveis das opiniões. 

Para a componente de sumarização, foi utilizado o modelo pré-treinado 

“sshleifer/distilbart-cnn-6-6” para gerar resumos concisos a partir dos vários 

comentários.  

Para validar o desempenho dos modelos, foram utilizadas métricas tradicionais como a 

precisão para a análise de sentimentos, enquanto métricas mais avançadas, como 

pontuações de similaridade baseadas em embeddings e perplexidade, foram empregues 

para avaliar a qualidade e a coerência dos resumos gerados. 

O modelo desenvolvido produziu resultados promissores ao capturar efetivamente tanto 

os aspetos positivos quanto os negativos referidos nos comentários, mesmo quando o 

sentimento geral tendia numa direção. No entanto, existem ainda áreas que podem ser 

melhoradas. Melhorar a componente de criação de frases ao utilizar um modelo pré-

treinado poderia aumentar a coerência e a riqueza do conteúdo gerado, ultrapassando a 

atual estrutura rígida e simplista. Além disso, realizar o fine-tuning na componente de 

sumarização com um dataset específico para o domínio poderia melhorar 

significativamente o desempenho do modelo. 

 

Palavras-chave: Análise de Sentimentos, Comentários, Hotéis, Indústria da 

hospitalidade, Inteligência Artificial, Multidocumento, NLP, Pré-treinado, Sumarização  
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Abstract 

 

Nowadays, customer reviews play a vital role in determining the success of businesses, 

particularly in the hospitality industry, where online feedback is both abundant and 

influential. However, the high volume of reviews presents a challenge for hotel owners 

and managers, who need efficient ways to extract useful insights. This dissertation 

addresses this issue by developing the FeedbackFunnel, a Natural Language Processing 

(NLP) model capable of analysing and summarizing customer reviews to provide concise 

and meaningful information. 

The model integrates three components: sentiment analysis, feature synthesis, and multi-

document summarization. Each component was rigorously tested and improved 

individually to enhance performance.  

The Sentiment analysis was conducted using logistic regression combined with a TF-

IDF unigram model, chosen for its effectiveness in accurately classifying sentiments. 

The Feature synthesis for sentence creation component synthesized key features from 

sentiment analysis into sentences, summarizing the most notable positive and negative 

aspects of the reviews. 

For the summarization component, the pre-trained “sshleifer/distilbart-cnn-6-6” model 

was used to generate concise summaries from multiple reviews.  

To validate the performance of the models, traditional metrics such as accuracy were 

used for sentiment analysis, while more advanced measures like embedding-based 

similarity scores and perplexity were employed to assess the quality and coherence of 

the generated summaries. 

The developed model produced promising results by effectively capturing both positive 

and negative aspects mentioned in the review, even when the general sentiment leaned 

in one direction. However, there are still areas that can be improved. Enhancing the 

sentence creation component by using a pre-trained model to generate sentences could 

improve the coherence and richness of the generated content, moving beyond the current 

rigid and simplistic structure. Additionally, fine-tuning the summarization component on 

a domain-specific dataset could significantly improve the model’s performance.  

 

Key-words: Artificial Intelligence, Hospitality industry, Hotels, Multi-document, NLP, 

Pre-trained, Reviews, Sentiment analysis, Summarization 
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1 Introduction 

The present chapter contains the description of the project contemplated in this thesis, 

some contextual information on the topic is provided as well as the explanation of the 

problems and motivations behind it.  

1.1 Context 

Now more than ever the costumer’s opinion plays a crucial part in determine the success 

of a business. Nowadays, it is increasingly easier to evaluate something and leave the 

criticism on the internet exposed for everyone to see, and most of the time, the virtual 

realm serves as a primary arena for shaping public perceptions.  

For the hospitality industry these reviews reflect an unfiltered and authentic sight of the 

costumer’s experience, the commendations work as a strong endorsement and serve as 

marketing tools to attract new customers, while on the other hand the negative reviews, 

pinpoint specific aspects that fell short of expectations, highlighting the areas that 

demand attention and improvement from the business[1][2]. 

At the moment, platforms like TripAdvisor[3], Yelp[4] and Google Reviews[5] are 

becoming more and more popular for users to share their opinions and influence potential 

customers. As a result, hotel owners and managers are rapidly recognizing the necessity 

to take advantage of the wealth of information embedded in customer feedback to 

improve their services and maintain a competitive edge.  

Natural Language Processing (NLP), a computer-assisted analytical technique designed 

to automatically analyse and comprehend human language [6], has emerged as a 

transformative force in information processing and linguistic analysis. By leveraging 

advanced algorithms and linguistic models, NLP facilitates the extraction of meaningful 

insights from vast amounts of textual data, offering a sophisticated approach to 

understanding the complexities of human communication [6]. 
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 In the context of customer reviews within the hospitality industry, NLP has a great 

potential  as  enables businesses to move beyond the surface level of sentiment analysis 

and delve into the small details of customer feedback.    

1.2 Problem Description 

As more common users become comfortable with the web, an overwhelming influx of 

reviews inundates the hospitality industry through a powerful form of word-of-mouth, 

eWoM [7]. As a result, this creates a significant challenge for businesses that are trying 

to effectively manage and extract meaningful insights from the multiple feedback [8]. 

The sheer volume of reviews underscores the necessity for businesses to implement 

strategies that can efficiently manage this influx. 

Simultaneously, the dispersed nature of information within reviews as well as their 

quality (irrelevant or biased information) is also a concern [7]. Customers often touch 

upon multiple aspects of their experience, ranging from service quality to facilities 

conditions. In this context, the significance of effectively classifying and delineating 

diverse elements within customer reviews is emphasized, thereby facilitating a 

comprehensive analysis. Each aspect within a review holds valuable information, which, 

when appropriately categorized, contributes to a more profound understanding of 

customer sentiments [9], [10]. 

Sentiments are people’s inherent attitudes toward a particular topic, person, or entity. 

Understanding people’s attitudes is crucial to communicate, learn, and make decisions 

[11]. Within this paradigm, the reviews encompass a spectrum of emotions and sentiment 

analysis emerges as an imperative component for understanding the nuanced tones 

inherent in the feedback.  

Even after the reviews undergo sentiment analysis and classification steps, is still 

necessary to analyse a substantial volume of information. It is crucial to streamline this 

overwhelming amount of data, providing business owners with a simplified 

understanding in a short amount of time. To achieve this, efficient report generation 

process is essential. This approach offers business owners a concise yet insightful 

overview of aggregated customer feedback, presenting a quick and accessible snapshot 

of prevailing sentiments and emerging trends [12]. The automatic extraction of positive 

and negative aspects becomes imperative, ensuring businesses swiftly capture actionable 

insights from customer feedback, ultimately enhancing their ability to address concerns 

and capitalize on strengths. The condensed format facilitates more efficient analysis, 

enabling timely responses to specific issues or opportunities and, consequently, 

contributing to the continuous enhancement of service quality [12][1]. 

While many existing projects and systems primarily aim to assist users in discovering 

the best places to go, there remains a lot of potential room for developing solutions that 

empower businesses to comprehend and leverage customer reviews for continuous 

improvement. 
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1.3 Objectives 

This thesis presents a solution designed to meet the specific needs of businesses in the 

hospitality industry. While most of the existing projects primarily assist users in 

discovering optimal destinations and making decisions, the proposed system diverges 

from that by being tailored to equip hospitality business owners with an effective system 

for deciphering and leveraging customer reviews.  

The main goal is to develop a system that directly addresses the overwhelming influx of 

reviews and the disperse nature of information challenges outlined in the problem 

description. This will be achieved through integration of NLP techniques. The system 

will categorize various aspects mentioned in the reviews, analyse the users’ sentiments 

regarding these topics, and subsequently create a summary. This summary will serve as 

a compact yet comprehensive report, presenting the key insights distilled from the 

reviews in a narrative form. It encompasses an agglomerate of all the information 

obtained in the initial two steps, providing a streamlined and insightful report to the 

business owner. 

The following sub-goals and research objectives have also been outlined: 

• O1 – Investigate the current state of the art of sentiment analysis: 

Carefully explore cutting-edge sentiment analysis methodologies, 

emphasizing advancements that adeptly capture nuanced emotions 

and evolving trends in customer sentiments. 

• O2 – Investigate the current state of the art of topic classification: 

Delve into the latest research and technologies to perform topic 

categorization, emphasizing methods that effectively classify and 

organize diverse aspects within customer reviews. 

• O3 – Investigate the current state of the art of text generation: 

Explore recent developments in text summarization techniques, 

emphasizing innovations that produce concise yet informative 

summaries from extensive textual data. 

• O4 – Investigate the current state of the art of systems 

encompassing sentiment analysis, topic categorization, and text 

generation: Examine existing systems that integrate sentiment 

analysis, topic categorization, and text summarization. Evaluate their 

efficacy and glean insights for the development of an optimized 

solution. 

• O5 – Develop and Evaluate a Model for Generating Summaries: 

Conceptualize and implement a model that integrates sentiment 

analysis and topic classification to generate insightful summaries from 

customer reviews. Assess the effectiveness of the model in producing 

concise yet informative summaries, considering factors such as 

coherence, relevance, and alignment with user needs. Refine the 
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model iteratively based on evaluation results to enhance its capability 

in distilling key insights from diverse customer feedback. 

• O6 – Create a user-friendly interface for businesses: Design and 

implement an intuitive interface catering to businesses, simplifying 

the process of uploading reviews through an Excel format. Enhance 

accessibility and user experience for business owners and 

stakeholders. 

• O7 – Improve the sentiment and topic analysis models results: 

Fine-tune and enhance sentiment and topic analysis models to 

synergistically contribute to the generation of a comprehensive final 

summary. The final summary should encapsulate the key insights 

distilled from customer reviews, ensuring that it serves as a 

streamlined, informative, and actionable report for business owners. 

Iterate on the models based on evaluation results to optimize their 

performance in generating summaries aligned with the nuanced 

sentiments and diverse topics present in the reviews. 

1.4 Approach 
 

For the development of this thesis, an in-depth investigation will be conducted to uncover 

cutting-edge techniques in sentiment analysis, topic classification, and text generation.  

The next step involves identifying of suitable datasets that are both relevant and 

comprehensive, with sufficient size and depth to support robust analysis. Once a dataset 

is selected, an extensive preprocessing phase will take place, including data cleaning to 

remove inconsistencies, data transformation to ensure compatibility with machine 

learning models, and data balancing to address any class imbalances. Additionally, text 

processing techniques such as tokenization, lemmatization, and stopword removal will 

be applied to prepare the data for analysis. 

Subsequently, an extensive testing phase will assess the performance of various methods, 

with the most promising ones converging into an integrated model. 

 The chosen model will combine sentiment analyses and text summarization to create a 

cohesive and insightful summary. Lastly, the results will be evaluated and compared 

against simpler techniques to verify the effectiveness and added value of the developed 

model. 

1.5 Document Structure 
 

This thesis is structured into several chapters, designed to allow an ease comprehension 

and navigation for the readers. 

The first chapter provides an introduction, offering a contextualization of the key 

challenges addressed in this thesis. It outlines the main goals, implementation approach, 

and expected results. 



 

5 

 

 

Chapter 2 focuses on an in-depth literature review, structured into two key sections. The 

first section, Methodologies, delves into the state-of-the-art techniques for conducting 

sentiment analysis, topic classification, and text summarization. This segment presents a 

comprehensive overview of advanced methodologies in these domains. 

Next, the third chapter outlines the frameworks, libraries, and tools utilized in the 

development of the study. It also discusses the ethical considerations associated with 

Artificial Intelligence (AI), with a particular focus on issues relevant to this project. This 

section also details the overall methodology of the study. 

Following that, the attention turns to the exploration of datasets. Here, multiple datasets 

are evaluated accordingly to their size and data quality, ensuring that they are suitable 

for the study's objectives. The selected dataset is discussed in detail, along with a 

comprehensive explanation of the preprocessing steps it underwent. 

With the groundwork laid, the focus then moves to the model itself. Chapter 5 illustrates 

the structure of the developed model and provides a detailed explanation of each 

component within the pipeline. 

From there, the thesis progresses into the experimentation phase, where the performance 

of various models is assessed to determine the best fit for the pipeline. The results are 

discussed in depth, followed by an evaluation of the FeedbackFunnel model, validating 

its effectiveness and utility. 

Finally, are presented the conclusions of the dissertation, reflecting on whether the initial 

goals were successfully achieved, outlining any limitations encountered throughout the 

project and suggesting potential future improvements. 
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2 State-of-the-Art 

This chapter provides an overview of the algorithms capable of executing the various 

steps proposed in this dissertation system. Additionally, it presents analogous systems 

that have been previously developed, offering insights and contextualizing the current 

landscape in the domain of the thesis. 

2.1 Related Work 
In recent years, sentiment analysis, topic classification and report generation from 

customer reviews in the hospitality industry have garnered significant attention. Several 

notable solutions have emerged as comprehensive tools for in-depth analysis like 

MonkeyLearn[13], RapidMiner[14], and ReviewTrackers[15]. These solutions provide 

customizable and feature-rich environments for users to conduct nuanced text analysis. 

MonkeyLearn, stands out with its capabilities in text classification and sentiment 

analysis, by allowing users to tailor models to their specific needs, there isn’t much 

information available online about the techniques or algorithms that they use the 

platform's documentation and explanatory sections suggest the utilization of various 

machine learning algorithms, including but not limited to Naïve Bayes, Support Vector 

Machines (SVM), or deep learning techniques from the amount of information they share 

about each one on their platform[13], [16].  

RapidMiner specializes in text mining and sentiment analysis, providing a versatile 

environment for uncovering patterns within textual data, the common algorithms may 

include decision trees, random forests, and ensemble methods[14].  

The ReviewTrackers solution is a prominent player in the realm of review monitoring 

and sentiment analysis, specially catered to businesses. This platform excels in sentiment 

analysis, distinguishing between positive and negative sentiments in user-generated 

content, and providing advanced monitoring functionalities that allow businesses to 

closely track their online reviews across various platforms. While specific details about 

the underlying algorithms are proprietary, ReviewTrackers' focus on useful insights has 

made it a popular choice [15].  

While these mention solutions provide valuable functionalities, their proprietary nature 

often restricts access to the underlying algorithms and techniques employed, making it 

challenging to discern the intricacies of their methodologies. Moreover, many of these 

services operate on a paid subscription model. Considering these factors, this study sets 

out on an exploration of academic papers and articles. 
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 While the primary focus has been on summarizing the substantial amount of information 

for the benefit of users, a noteworthy number of studies are dedicated to developing 

systems capable of automatically extracting valuable insights for business owners. 

Ounacer explores in his paper, “Customer Sentiment Analysis in Hotel Reviews Through 

Natural Language Processing Techniques”, the evolution from traditional Sentiment 

Analysis to Aspect-Based Sentiment Analysis (ABSA) in the context of customer 

reviews of hotels in Marrakech. [17]. It performs the classification of customer reviews 

of hotels by means of sentiment analysis. The process involves a multi-step process that 

begins with identifying the aspects or features of the product or service that are being 

discussed in the text. This is followed by sentiment analysis, where the sentiment polarity 

(positive, negative, or neutral) is assigned to each aspect based on the context of the 

sentence or document. Finally, the results are aggregated to provide an overall sentiment 

for each aspect [17] [18]. The study uses a dataset of hotel reviews from Booking and 

TripAdvisor and compares the performance of different machine learning algorithms, 

showcasing the efficacy of different classifiers, with Random Forest (RF) excelling in 

aspect classification (86% accuracy) and Logistic Regression (LR) leading in sentiment 

classification (91% accuracy).  

Furthermore, the article “Sentiment Analysis and Classification of Restaurant Reviews 

using Machine Learning” focuses on the advantages that customer feedback has on 

improving and enhancing business opportunities. The study delves into the analysis of 

customer reviews across various restaurants in one of Pakistan's major cities, 

highlighting the sentiment associated with each comment, categorizing them as positive 

or negative. Additionally, text categorization techniques are employed to automatically 

classify comments based on feedback related to food taste, ambiance, service, and value 

for money. The study utilizes algorithms such as Naive Bayes Classifier, Logistic 

Regression, Support Vector Machine (SVM), and Random Forest for the analysis. The 

Random Forest algorithm was the one with the nest performance, achieving a remarkable 

95% accuracy in sentiment analysis and excelling in precision, recall, and F1 score 

metrics, particularly for the 'food taste' category with over 95% accuracy [19]. 

The "Sentiment Analysis of Hotel Reviews Using Machine Learning Techniques" study 

proposes an approach that automatically performs sentiment detection using Fuzzy C-

means clustering algorithm and classifies hotel reviews provided by customers from one 

of the leading travel sites. Besides using multiple techniques like Naïve Bayes, K-Nearest 

Neighbour, SVM, Logistic Regression, and Random Forest, it also ensembled a learning 

model that combines the five classifiers. Even though it was ensemble a specific mode, 

the highest accuracy values were still achieved by the Support Vector Machine and 

Logistic Regression algorithms [20]. 

Similarly, to the previously mentioned study, the paper "Machine Learning Techniques 

for Sentiment Analysis of Hotel Reviews" used algorithms like Naïve Bayes, K-Nearest 

Neighbour, SVM, and Logistic Regression. However, what distinguishes this study is the 

inclusion of the Latent Dirichlet Allocation (LDA) algorithm for feature extraction 

distinguishes, that allowed the identification of ten topics related to crucial aspects such 

as service, location, food, and staff. In the subsequent sentiment analysis task, classifiers 

were employed, with logistic regression emerging as the most effective, achieving a 

precision rate of 92.4% [21]. 

These studies underscore the growing significance of sentiment analysis and topic 

classification in the hospitality industry and the need for automated systems however it 
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wasn’t possible to find one that could also generate text reports to empower business 

owners with actionable insights derived from customer reviews. 

Nonetheless, there are market products that do all this, have a user-friendly interface to 

show the retrieved information through metrics or statistic.  

2.1.1 Comparative Analysis of Related Work 

Within the realm of sentiment analysis, topic classification, and report generation from 

customer reviews in the hospitality industry, this subchapter presents a comparison 

between the systems presented in the previous sub-chapter.  

While MonkeyLearn stands out for its user-tailored models in text classification and 

sentiment analysis, specific details about its  what going on inside the tool are unknown. 

On the other hand, RapidMiner excels in text mining and sentiment analysis, employing 

common algorithms such as decision trees, random forests, and ensemble methods. In 

contrast, ReviewTrackers focuses on sentiment analysis and review monitoring, also not 

disclosing publicly the specific information about the used algorithms.  

On the positive side, these commercial tools provide customizable and feature-rich 

environments, allowing users to conduct nuanced text analysis efficiently. However, a 

notable drawback lies in their proprietary nature, often denying access to underlying 

algorithms and techniques, acting like a “black box”. Moreover, these services typically 

operate on a paid subscription model, restricting accessibility for some users. 

Regarding the academic studies, the work by Ounacer's on aspect-based sentiment 

analysis, showcases the efficacy of machine learning algorithms such as Random Forest 

and Logistic Regression. Similarly, investigations into sentiment analysis and 

classification of restaurant reviews in Pakistan reveal the advantages of employing 

diverse algorithms like Naive Bayes, Logistic Regression, Support Vector Machines, and 

Random Forest. Moreover, multiple approaches employing Fuzzy C-means clustering, 

assembling multiple classifiers, and incorporating Latent Dirichlet Allocation (LDA) for 

feature extraction. 

These academic studies,  contribute with valuable insights to sentiment analysis and topic 

classification. Academic studies generally offer transparency in methodologies, 

providing a more accessible understanding of the algorithms employed. However, the 

challenge lies in the implementation of these findings into practical, user-friendly 

solutions for businesses. The proprietary constraints of market solutions and the need for 

more seamless integration in academic studies underscore the complexity in developing 

an optimized solution tailored for the hospitality industry. 

2.2  Text Mining 
Text mining has been a popular research topic in the field of natural language 

processing[9]. It refers to using information retrieval, information extraction, and natural 

language processing techniques to discover unknown useful patterns and knowledge in 

text [1]. Generally, the text-mining process consists of data collection, data extraction, 

data analysis, and other steps, and it includes the management information system[1]. 

The purpose of text mining is to understand the meaning contained in the text[9]. Text 

mining aims at disclosing the concealed information by means of methods which on the 
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one hand are able to cope with the large number of words and structures in natural 

language and on the other hand allow to handle vagueness, uncertainty and fuzziness[22]. 

Text mining is a popular technique among computer science, information science, 

mathematics, and management fields for mining intelligence out of big data [23]  and the 

results of it have a great potential to the hospitality industry area. 

2.2.1 Sentiment Analysis 

Sentiment analysis, or opinion mining, is a fundamental task in natural language 

processing and computational linguistics[18]. It is the computational study of people’s 

opinions, attitudes and emotions toward an entity. The entity being individuals, events or 

topics [24]. Sentiment analysis is the act of comprehending an opinion on a specific issue 

via written or spoken language, identify the sentiments they express, and then classify 

their polarity[24]. The correct forecasts are seen to be a game changer in obtaining 

financial sector performance [25] and this task has drawn a lot of attention from many 

hospitality businesses.  

Sentiment analysis can be performed at various levels: document level, sentence level 

and aspect level [26], [27].  

Document-level sentiment analysis involves the classification of an entire document into 

positive or negative categories based on the expressed sentiment. While it provides a 

single-level score for the entire document, this approach has limitations as it conceals 

valuable insights and inhibits the extraction of useful information for clients, like a 

comprehensive understanding of sentiments expressed in the document [27]. 

Sentence level sentiment analysis focuses on individual sentences, categorizing them into 

positive, negative, or neutral opinion categories. The neutral category typically indicates 

a lack of opinion. This is further classified into subjectivity classification and sentiment 

classification. Subjectivity classification means determining the type of sentence. 

Sentiment classification furthers classifies the subjective information into positive and 

negative. Sentence-level analysis bears a connection to subjectivity classification, as 

separates sentences that express factual information from sentences that express 

subjective views and opinions. This approach provides a more detailed and granular 

examination of sentiments within the text [26], [27]. 

Aspect-level sentiment analysis, or feature level analysis, encompasses the extraction of 

the aspects or features of an entity and subsequently classifying the sentiments associated 

with those aspects. This approach considers the opinion itself, recognizing that opinions 

comprise both emotion (positive or negative) and a target. The process includes tasks 

such as extracting features from web content, determining opinion polarity, and grouping 

feature synonyms. This type of classification is also referred to as word/phrase 

classification, where the focus is on the features themselves rather than broader language 

constructs. For instance, in the statement "The mobile phone of XYZ company has good 

battery life but low camera quality," the entity "mobile phone" is evaluated based on two 

distinct features: battery life and camera [26], [27]. 

Document Level and Sentence Level analyses have limitations in capturing every detail 

of opinions and facts. Therefore, the feature level analysis is the most employed. 

Sentiment analysis employs a variety of Natural Language Processing algorithms and 

techniques, each offering unique strengths and applications. The primary methods for 

analysing sentiments can be broadly categorized into three main approaches: Lexicon-

based techniques, Machine learning-based techniques, and Hybrid techniques [28]. 
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Figure 1 - Sentiment analysis most used techniques [28] 
 

As shown in Figure 1, Lexicon-based techniques rely on predefined dictionaries or 

databases of words associated with sentiment scores, the sentiment lexicons. Each word 

is assigned a polarity value, indicating whether it expresses a positive, negative, or 

neutral sentiment. The sentiment of a document or sentence is calculated by aggregating 

the scores of its individual words [29]. There are two primary methods within this 

approach. Firstly, the dictionary-based approach depends on identifying opinion seed 

words, which are then used to search a dictionary for their synonyms and antonyms. 

Secondly, the corpus-based approach that starts with a seed list of opinion words and 

subsequently identifies additional opinion words within a large corpus, considering 

context-specific orientations. This can be achieved through statistical or semantic 

methods[28]. VADER (Valence Aware Dictionary and sEntiment Reasoner) is a lexicon-

based technique that goes beyond traditional methods. It assigns a polarity score to 

individual words within a text, considering their contextual valence. It is particularly 

useful for social media texts and short sentences[30]. 

Machine learning-based techniques, on the other hand, involve training models on 

labelled datasets to predict sentiments. These models learn patterns and relationships 

within the data, enabling them to generalize and make predictions on new, unseen data. 

Common machine learning algorithms for sentiment analysis include Naïve Bayes [31], 

Support Vector Machines [32], and Neural Networks [33]. Machine learning-based 

approaches are adept at capturing complex patterns and nuances in sentiment [34]. 

However, the performance of the classifier is significantly influenced by the quality and 

coverage of the training data; a large, comprehensive database is essential for optimal 

results, making its primary limitation. Despite this drawback, machine learning-based 

techniques generally have superior accuracy compared to lexicon-based approaches[35]. 
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Additionally, deep learning methods have gained popularity in sentiment analysis, 

leveraging neural networks with multiple layers to automatically learn intricate features 

and representations from data. These models, such as recurrent neural networks 

(RNNs)[36] and long short-term memory (LSTM)[37] networks, can effectively capture 

sequential dependencies and contextual information, enhancing their ability to identify 

sentiment nuances. While deep learning techniques offer a great performance in certain 

scenarios, they also demand extensive computational resources and large datasets for 

training  [35]. The choice between traditional machine learning and deep learning 

methods often depends on the specific requirements and constraints of the sentiment 

analysis task at hand. 

Hybrid approaches integrate multiple techniques, addressing the limitations of individual 

methods to enhance overall accuracy, by combining both lexicon-based and machine 

learning-based techniques[34]. 

2.2.2 Topic Analysis  

Topic analysis involves the examination and exploration of textual data to extract 

meaningful information about the main themes or subjects discussed within the 

documents. It can be further categorized into subdomains, including Topic Classification 

and Topic Modelling.  

Topic classification, also known as document classification, is the task of categorizing 

documents into predefined classes or categories based on their content [38] ,it often 

employs supervised machine learning methods.  

On the other hand, Topic Modelling is a more advanced statistical technique that seeks 

to discover latent topics within a corpus without predefined categories. It is an 

unsupervised Machine Learning approach to discover topics in various text documents, 

that can find patterns of words and phrases and automatically cluster groups of words 

and associated phrases that best represent the whole. It also provides a useful view of a 

large corpus in terms of the relationships between them and individual documents [17]. 

This is often achieved by leveraging the probability of word co-occurrences, allowing 

the model to discern meaningful connections and associations between terms[10]. 

In this domain, various algorithms have been developed, each demonstrating distinct 

strengths and limitations (Figure 2). 
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Figure 2- Topic Modelling Classification Hierarchy [39] 
 

Non probabilistic approaches in the field include matrix factorization algebraic 

techniques, originating in the early 1990s with the introduction of [40] (LSA) and Non-

Negative Matrix Factorization (NNMF)[41][39]. Both LSA and NNMF operate based on 

the Bag of Words approach, wherein the corpus is transformed into a term-document 

matrix. These methods overlook the order of terms, focusing solely on the frequency of 

terms within documents[39]. 

Probabilistic approaches in topic modelling, such as Probabilistic Latent Semantic 

Analysis (PLSA) [42]and Latent Dirichlet Allocation (LDA)[43], [44], have been 

developed to enhance algebraic models like latent semantic analysis by incorporating 

probabilistic elements through generative model approaches. These models exist within 

the hierarchy of supervised and unsupervised topic modelling approaches.  

LDA is the simple and popular statistical topic model[45]. It adopts the "bag of words" 

approach to generate topics from a collection of texts, resulting in interpretable outcomes. 

The topics produced consist of keywords strongly associated with the discovered topic. 

LDA considers a document as a mixture of multiple topics and ignores the order of words 

in the document [44]. Words in one document can be assigned different topics and hence 

a single document can have multiple topics [44].This approach, is a mixed membership 

model because it does not hard cluster documents into only one category of documents 

unlike K Means[46] for a document may belong to more than one Topic[44]. One major 

advantage of LDA lies in its capability to employ a rich feature set and utilize probability 

algorithms for model refinement [45]. This model demonstrates significant advantages 

in scenarios involving large corpora with a limited number of topics dispersed within 

them [45]. 
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2.2.3 Text Generation 

Text generation, which is often formally referred as Natural Language Generation 

(NLG), is one of the most important yet challenging tasks in NLP [47]. NLG aims at 

producing understandable text in human language from linguistic or non-linguistic data 

in a variety of forms such as textual data, numerical data, image data, structured 

knowledge bases, and knowledge graphs.  

Text generation approaches can broadly be categorized into three types of deep learning 

models as given below. The first category is the Vector-Sequence Model, wherein the 

input assumes a fixed-size vector, while the output is permitted to vary. This model is 

particularly apt for applications such as image caption generation [48], [49].  

Conversely, the Sequence-Vector Model represents the second category, featuring an 

input of variable size and a fixed-size vector as the output. A notable example of this 

model is evident in classification tasks [49], [50].  

The third and most prevalent category is the Sequence-to-Sequence Model[51], [52], 

where both input and output exhibit variable sizes. Widely embraced as a cornerstone in 

text generation models, this variant is prominently utilized in language translation 

endeavours [49], [53]. Within the expansive landscape of text generation, an especially 

crucial application is text-to-text generation, commonly abbreviated as "text generation" 

[47]. This approach, residing within the Sequence-to-Sequence Model framework, 

involves processing diverse forms of text input (e.g., sequences, keywords) into semantic 

representations and generating the desired output text [47]. 

There are various deep learning architectural frameworks widely used in the literature to 

implement deep learning models. Recurrent Neural Networks (RNN)[49], [54] have 

traditionally been used for sequential learning, capturing dependencies in sequential data 

[36], [55], so, it uses the output of previous states as input for future ones. This is the first 

algorithm that preserves the outputs of past states; however, it has the limitation of 

forgetting the previous outputs over time, primarily attributed to the challenge of 

vanishing gradient[49]. 

Bidirectional RNN [49], [56], [57] uses two RNN layers that look into the sequence in 

both directions, i.e., forward and backward, and combine their output. This is helpful 

when the current state is not only dependent on the previous state but also on the future 

state [42]. One special class of RNN is Long Short-term Memory (LSTM) [37] network 

that is used to retain the information of previous states over a very long period and forgets 

the irrelevant information [49], [57]. Gated Recurrent Unit (GRU)[57] also overcomes 

the problem of vanishing gradient in traditional RNNs. Serving as a simplified 

counterpart to the Long Short-Term Memory (LSTM), GRU provides an effective 

solution to this challenge [49].  

In a different domain, the Generative Adversarial Network (GAN) [58], [59], [60] works 

on the concept of minmax game. In this intriguing interplay, the discriminator strives to 

predict whether a given sample originates from the training set or is generated by a 

generative network. Simultaneously, the generator strategically seeks to maximize the 

errors made by the discriminator, fostering a dynamic adversarial learning process[49]. 

Another paradigm that has gained significant prominence is the Transformer model, that 

unlike the previously mentioned models relies on a self-attention mechanism [61]. This 

mechanism enables the model to weigh the significance of different segments within the 

input sequence, allowing for effective handling of long-range dependencies [62]. 

Transformers are meant to operate with sequence data and will take an input sequence 
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and utilize it to generate an output sequence. Their architecture consists of two main 

segments: an encoder, which primarily acts on the input sequence, and a decoder, which 

functions on the intended output sequence during training and predicts the next item in 

the sequence[61]. This dual-component structure enhances the model's capacity to 

understand and generate sequential information. 

Its ability to capture contextual information across the entire sequence, without the 

limitations of recurrence, has positioned Transformers as a pivotal advancement in the 

field of deep learning for natural language processing. This transformative impact is 

exemplified by the appearing of state-of-the-art language models like BERT 

(Bidirectional Encoder Representations from Transformers) [59], [63] and GPT 

(Generative Pre-trained Transformer) [64], [65], both direct outcomes of the Transformer 

paradigm. 

 

2.3 Conclusions 
After the research for related works, in sentiment analysis, topic classification, and text 

generation within the hospitality industry, important insights have been uncovered.  

The analysis revealed a diverse variety, emphasizing the prevalence of lexicon-based, 

machine learning-based, and hybrid approaches in sentiment analysis. Notably, 

probabilistic models, specifically Latent Dirichlet Allocation (LDA), emerged as a 

valuable tool for uncovering latent topics in topic analysis. The evolution of text 

generation models, from recurrent neural networks (RNNs) to the transformative 

Transformer, underscored a progressive trend in the field. A significant gap, however, 

became evident—a lack of a unified system for automated report generation from 

customer reviews in the hospitality sector. 

While existing studies emphasize the importance of sentiment analysis and topic 

classification, none offer a comprehensive solution that seamlessly integrates these 

analyses with automated report generation. It's worth noting that although there are 

market solutions that attempt similar functionalities, they are often paid and lack 

transparency regarding their underlying methodologies. Considering this, the current 

research seeks to fill this void, amalgamating insights from sentiment analysis, topic 

classification, and text generation to deliver actionable information for business owners 

in the hospitality industry. The state-of-the-art analysis serves as a guiding compass, 

steering the research toward the development of a pioneering system that effectively 

addresses these identified gaps. 
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3 Methodology and Tools 

This chapter delineates the frameworks, libraries and tools that are going to be used in 

the development of the studies. Additionally, it explores the ethical challenges inherent 

in AI. Furthermore, the chapter delves into the intricacies of dataset acquisition, offering 

insights into the comparison process and decision-making to ascertain the suitability of 

each dataset for the research. 

3.1 Hardware, Libraries, and Tools 

3.1.1 Python and Common Libraries 

The chosen programming language for this project was Python, given its versatility and 

large community. Different Python modules and libraries are required to pre-process the 

data and provide models to train, test, and deploy. Specifically, the project utilized 

Scikit-learn[66], a robust library widely used for machine learning tasks, which offers a 

range of algorithms for classification, regression, and clustering, along with tools for 

model evaluation and selection. Additionally, the Natural Language Toolkit (NLTK) 

[67] was employed for its extensive capabilities in natural language processing, 

including text tokenization, stemming, and sentiment analysis, making it an invaluable 

resource for working with textual data. 

3.1.2 Pytorch 

PyTorch [68], an open-source machine learning framework developed by Facebook's 

AI Research lab, The Fundamental AI Research (FAIR), stands as a robust alternative 

to TensorFlow. Dedicated to simplifying the creation and utilization of machine learning 

models, with a particular emphasis on deep learning. This framework offers a dynamic 

and adaptable approach to model development. Its extensive ecosystem, comprised of 

tools, libraries, and resources, empowers researchers and developers to construct and 

train a diverse array of machine learning models effectively.  
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PyTorch includes a high-level neural networks API known as torchvision [69], that 

provides a user-friendly interface for crafting and refining deep learning models within 

the framework.  

For hyperparameter, researchers often turn to Optuna [70], a framework that supports 

PyTorch seamlessly. Optuna facilitates the automated discovery of optimal 

hyperparameters, including critical factors like learning rate, batch size, layer count, and 

activation functions. With various optimization algorithms, including Bayesian 

optimization. 

3.1.3 Hugging Face 

Hugging Face [71] is a popular platform in the field of Natural Language Processing 

(NLP) that provides a wide range of tools, libraries, and models for working with text 

data. It has gained significant recognition for its contributions to the development and 

accessibility of state-of-the-art machine learning models, particularly in the domain of 

transformers. Hugging Face offers a user-friendly interface to explore, download, and 

implement pre-trained models, making it a valuable resource for researchers, 

developers, and data scientists. The platform's Transformers library is widely used for 

tasks such as text classification, sentiment analysis, and language translation, leveraging 

cutting-edge models like BERT and GPT. Additionally, Hugging Face facilitates model 

fine-tuning, allowing users to adapt pre-trained models to specific tasks. Beyond its rich 

model repository, Hugging Face's platform encompasses tools for efficient tokenization, 

deployment frameworks, and a vibrant community engagement model. 

These tools collectively played a pivotal role in training and evaluating the deep learning 

models in this research project. 

3.2 Ethical Issues in AI 
Ethics and privacy have been a long-time concern in human computer interaction – from 

AI research to data mining practice, the fear of technology getting out of control has 

been a worry for a long time [72]. With the improved capability and availability of big 

data collection, storage, access and sharing, and big data analytics and deep learning 

fever, in particular NLP enabled unstructured text understanding, ethics consideration 

in the entire process of customer behaviour and customer feedback mining become more 

urgent and prominent [72] . Several critical ethical challenges emerge in this context 

[73]: 

• Privacy Concerns: NLP and sentiment analysis rely on extensive textual data, 
potentially containing personal information, prompting valid concerns about 
user privacy and security. It is imperative to uphold transparency, comply with 
privacy regulations, and institute robust practices for data collection and 
analysis to protect individuals' sensitive information. 

• Bias and Fairness: Inherent biases within the training data for NLP models and 
sentiment analysis algorithms can result in skewed outcomes, perpetuating 
discrimination against certain demographic groups. Addressing bias 
necessitates meticulous attention to data collection, algorithm design, and 
evaluation methods to ensure impartial and equitable results. 
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• Transparency and Interpretability: The often-opaque nature of NLP models, 
particularly deep learning models, poses challenges in understanding their 
decision-making processes. Achieving transparency and interpretability is 
crucial for fostering trust and accountability.  

• Misuse and Manipulation: The potential for malicious use of sentiment 
analysis, such as spreading misinformation or conducting social engineering 
attacks. 

• Ethical Data Collection and Labelling: While labelled datasets are 
indispensable for training accurate sentiment analysis models, the ethical 
concerns surrounding data collection and labelling demand attention. Ensuring 
informed consent, transparency, and fair representation during these 
processes is essential to prevent biases and safeguard the rights and dignity of 
individuals involved. 

• Long-Term Societal Impact: The rapid advancement of NLP and sentiment 
analysis technologies necessitates an ethical evaluation of their broader 
societal consequences, encompassing social, economic, and cultural 
dimensions. Factors such as job displacement, the digital divide, and societal 
polarization should be considered to ensure the responsible development and 
deployment of these technologies for the collective benefit of society. 
 
 

In the context of the thesis the most crucial aspects to consider are the privacy concerns, 

bias and fairness and transparency and interpretability. 

Privacy concerns stand out as a pivotal aspect in protecting the individuals that 

contributed with reviews for the dataset. To tackle this, is mandatory to implement 

stringent privacy measures, focused on anonymizing customer information. During data 

manipulation, it is crucial to systematically eliminate or privatize any information 

disclosing relevant details about the user. 

Addressing bias and ensuring fairness in summarization outcomes are also identified as 

crucial goals. This involves a meticulous curation of training data, paying close attention 

to demographic representation. Additionally, incorporating bias mitigation techniques 

in algorithm design aims to prevent skewed outcomes and discrimination, ensuring that 

the summarization process reflects a diverse range of perspectives. 

Transparency and interpretability are recognized as fundamental elements for user trust 

in the context of customer review summarization. Users should have a clear 

understanding of how the summaries are generated. Therefore, techniques will be 

explored to elucidate model decisions, making the summarization process 

comprehensible to end-users and fostering transparency and accountability in the 

application of AI technologies. 

To ensure that these concerns were effectively addressed, an important step in the 

dissertation involved comprehensive preprocessing of the dataset. This step included the 

removal of any private information, ensuring that sensitive details were not present in 

the data used for analysis. Regarding bias concerns, there was no need to address these 

issues, as the inclusion of multiple reviews from different hotels naturally balanced the 

perspectives. For transparency, the model's overview was explained in a clear and 

simple way, ensuring that users could understand the summarization process. 
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3.3 Methodology 
 

Establishing a well-defined and robust methodology is essential to any research, serving 

as the scaffolding that supports the entire investigative process.  

The methodology employed in this research aims to explore sentiment analysis and text 

summarization within the hospitality industry. The goal is to delve into the complexities 

of these tasks and extract essential insights that will be a foundation for the 

implementation of the thesis’s model. 

With a structured and multi-faceted approach, the study unfolds in a series of methodical 

steps to ensure accuracy and coherence in obtaining meaningful results. 

Firstly, an exhaustive search will be conducted to identify datasets intrinsic to the 

hospitality industry, laden with pertinent reviews. From it, a comprehensive list of 

pertinent datasets will be compiled, considering aspects such as size, completeness, and 

the inclusion of essential fields vital for analysis. 

Next, the selected datasets will undergo meticulous analysed to confirm the presence of 

crucial information and identify any potential data quality concerns.  

The subsequent step involves preprocessing, a nuanced procedure indispensable for 

removing irrelevant information. This process includes handling missing values, 

removing duplicates, transforming categorical variables, and addressing privacy 

concerns by anonymizing or eliminating sensitive details of the users. Moreover, text 

data will also be processed, using techniques like tokenization and stopword removal. 

The third phase delves into the realm of algorithmic exploration, evaluating a group of 

algorithms for each designated task, sentiment analysis and text summarization. The 

selection of algorithms will be done based on the information obtained in the state-of-

the-art section. Rigorous experiments will then be conducted to the selected dataset, 

offering a thorough comprehension of the efficacy of each algorithm under diverse 

conditions. 

Following this, the results of the these algorithms will be evaluated based on 

performance metrics tailored to each task. By examining the quantitative insights, it is 

possible to understand how well each algorithm tackles the challenges in sentiment 

analysis and text summarization in the hospitality industry, making it possible to select 

the best algorithms for the dissertation model. 

Finaly the FeedbackFunnel will be developed and its performance will be evaluated to 

determine whether it meets the goals outlined for the dissertation.
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4 Dataset 

4.1 Data Exploration 
 

The selection process of the dataset for the thesis started by an exhaustive exploration 

process. A meticulous analysis was conducted on a curated list of datasets, 

systematically comparing them to ascertain the data quality that best aligned with the 

objectives and scope of the study. The decision-making process was performed 

following a set of key criteria: 

• Relevance to Research Objectives: Datasets were evaluated based on their 
relevance to the research objectives, perform sentiment and topic analysis of 
reviews and generate a summary of them. 

• Sample Size and Variability: Were considered the size of the datasets and the 
variability within them. A larger and more diverse dataset was prioritized 
allowing to enhance the robustness and generalizability of your findings. 

• Data Completeness: Datasets with a hight amount of missing or incomplete 
information were excluded to ensure the integrity of the analysis. A 
comprehensive dataset with sufficient and well-populated fields was 
prioritized. 

• Source Credibility: The credibility of the data source was evaluated. datasets 
from reputable sources or organizations were considered to ensure data 
accuracy and reliability. 

• Geographic Coverage: The geographic coverage of the dataset was considered, 
with a preference for datasets that encompassed a diverse range of regions.  

 Table 1 provides a comprehensive overview of each dataset, allowing for an in-depth 

understanding of their individual merits and drawbacks. 

Table 1  - Datasets specifications 
Dataset  Size Data Considerations 
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Trip Advisor 

Hotel Reviews 

[74] 

 

20k reviews  2 Columns Limited Attributes: 

This dataset is 

characterized by its 

focus on individual 

reviews, providing 

only the review text 

and corresponding 

rating. It lacks 

supplementary hotel-

specific information. 

10000 

Restaurant 

Reviews [75] 

10k reviews 

 

8 Columns Limited Dataset 

Size: This dataset, 

while containing a 

moderate number of 

reviews, is 

comparatively 

smaller. 

Absence of 

supporting 

documentation 

TripAdvisor 

Hotel Reviews 

[76] 

~ 878k reviews 2 datasets 

(Hotel: 9 

Columns, 

Reviews: 

10 

Columns) 

Robust Dataset: 

Characterized by its 

substantial size and 

comprehensive 

attributes, this dataset 

presents a rich 

information pool. 

Notably, it includes a 

unique feature of 

ratings separated by 

topic, augmenting 

analytical 

possibilities. 

Google Maps 

Restaurant 

Reviews [77] 

1K reviews 6 Columns 

(Includes 

photos 

associated 

with 

reviews) 

Restricted Dataset 

Size: This dataset is 

comparatively small 

in size. Moreover, the 

labelling complexity, 

with class assignments 

based on multiple 

aspects, do not align 

with the research 

focus. 

Hotel Reviews  

[78]                                                                                                                                                                                                                   

10K reviews 26 

Columns 

Paid Dataset: This 

dataset, although 

comprehensive, comes 

with the constraint of 

being a paid resource. 
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However, its high-

quality 

documentation and 

diverse contents 

enhance its reliability. 

515K Hotel 

Reviews Data in 

Europe [79] 

515K reviews 17 

Columns 

Size and Richness: 

This dataset stands out 

for its large size and 

diverse, relevant 

information. 

Nevertheless, the 

existence of separate 

columns for positive 

and negative reviews 

does not align with 

the research focus 

 

After a meticulous comparison of various datasets, the "TripAdvisor Hotel Reviews" 

[76] dataset was chosen as the primary foundation for the thesis. This decision was 

carefully weighed against the considerations outlined for each dataset, taking into 

account several critical factors. 

 

The "TripAdvisor Hotel Reviews" [76] dataset offers a substantial advantage in terms 

of dataset robustness, encompassing approximately 878561 spanning 4,000 hotels. Its 

two-file structure, with one dedicated to hotel information (9 columns) and the other to 

reviews (10 columns), provides a comprehensive set of attributes. Notably, the dataset 

stands out with its unique feature of ratings separated by topic, presenting a valuable 

opportunity for nuanced analysis. 

 

Furthermore, the dataset's size and diversity contribute to a rich information pool, 

aligning well with the expansive scope of the research objectives. The availability of 

comprehensive attributes within the dataset addresses the limitations observed in 

smaller datasets, ensuring a more holistic understanding of the subject matter. 

The "TripAdvisor Hotel Reviews [67]" dataset was obtained through Kaggle [80] and 

contains reviews crawled from TripAdvisor. As mentioned previously it comprises two 

primary components: the hotels and reviews datasets.  

The hotels dataset contains 4,333 entries and encompasses nine columns represented in 

Table 2.  
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Table 2- Hotel dataset columns 
Attribute Description 

Hotel_class Star classification of an hotel 

Region_id Region identification 

Url           URLs associated with the hotels 

Phone         Phone number 

Details       Information about the Hotel provided by the hotel itself 

Address       Physical location 

Type          Type of lodging facility within the hotel's specifications 

Id            Unique identifier 

Name          Name of the hotel 

 

In parallel, the reviews dataset is more extensive, featuring 878,561 entries across ten 

columns (Table 3) 

Table 3 - Reviews dataset columns 
Attribute Description 

Ratings Structured JSON object with rating information 

Title Title of the Review 

Text          Text of the Review 

Author       Structured JSON object with the author information  

Date_stayed    Month and year of the stay 

Offering_id     Unique identifier for the hotel dataset 

Num_helpful_votes      Number of helpful votes 

Date Date of the Review 

Via_mobile Boolean indicating whether the review was submitted via 

mobile 

Id Unique identifier 

 

Figure 1 and Figure 2 represent, respectively, examples of 'rating' and 'author' objects 

is: 

 

 

 

 

 

 

 

 

 

 

The ‘ratings’ column provides a systematic breakdown of individual components and 

presents a quantitative representation of the overall sentiment expressed by the 

costumers. The richness of this data becomes particularly useful to later juxtapose with 

the results obtained from the sentiment analysis on specific topics. Comparing these 

numerical ratings with the sentiment analysis outcomes, will allow a comprehensive 

Figure 3  - Rating Object Figure 4  - Author Object 
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understanding of how subjective sentiments align with objective assessments, and a 

validation of the results. 

Additionally, the ratings will allow the verification of the dataset's balance, which is 

essential to determine at the outset of the study. Identifying any imbalance in the dataset 

at an early stage is crucial, as it may require additional preprocessing steps to ensure 

that the analysis results are accurate and not skewed by disproportionate representations 

of certain sentiment categories. 

 

The 'author' column in the dataset predominantly contains sensitive information, 

potentially encompassing personal details and identities. In line with ethical and safety 

considerations, is mandatory a meticulous management of this information, to safeguard 

the privacy and confidentiality of the individuals.  

The dataset exclusively comprises reviews pertaining to hotel-type hospitality facilities 

(Figure 5). 

 

Figure 5 - Chart of distribution of reviews by type 
 

It includes reviews for hotels located throughout the United States of America, with a 
predominant concentration in major regions, notably New York City, California, Texas, 
and Illinois (Figure 6). 
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Figure 6  - Distribution of reviews by region 

 

Highlighting the prominence of traveller engagement, the dataset showcases the top 10 

most-reviewed hotels, each distinguished by their substantial number of reviews (Figure 

7). These hotels stand out as significant contributors to the wealth of feedback, reflecting 

the diverse experiences and preferences expressed by a substantial portion of the 

costumers. 

 

 

Figure 7 – The 10 most reviewed hotels 
 

Regarding the reviews themselves, they are distributed across the years, starting from 

2001 and extending to 2013. There is a noticeable increase in the number of reviews 

over time, particularly after 2009 (Figure 8).  
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Figure 8  - Temporal Analysis of Reviews 
 

A notable trend emerges as the majority fall within the range of fewer than 3000 

characters. However, the dataset also captures a segment of reviews that extend beyond 

6000 characters, signifying a spectrum of lengths encompassing both succinct and more 

elaborate contributions (Figure 9). 

 

 

Figure 9 - Reviews Length 
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The reviews in the dataset are help identify factors that may have influenced these 

changes. Understanding these trends can be crucial for strategic planning and improving 

future interactions with users. 

Figure 11  and Figure 11 reveal the most used words in the collective of the reviews. 

Figure 10  - 20 Most used words 
 

 

 

Figure 11  - Most used words 
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4.2 Pre-processing 
Preprocessing the dataset is a critical step in ensuring the accuracy and reliability of any 

model. The quality of the data directly influences the performance of the models, 

making it essential to clean, transform, and balance the dataset before continuing to 

further implementations.  

 

The present sub-chapter details the series of pre-processing steps the dataset went 

through. 

4.2.1 Data Cleaning 

Data cleaning is the foundational step in preprocessing that ensures the dataset is 

accurate, complete, and free from inconsistencies. This process involves several key 

activities, such as finding missing values, smoothing noise, recognizing outliers and 

correcting inconsistencies. All designed to enhance the integrity of the data and prepare 

it for subsequent analysis. [81] 

The Figure 12 shows the cleaning steps the dataset underwent. 

 

 

Figure 12- Data Cleaning steps 
 

The initial step involved verifying that the dataset exclusively contained English 

reviews. Upon investigation, it was determined that the dataset included reviews in 

multiple languages, such as French, Portuguese, Japanese, and Spanish. This posed a 

challenge for subsequent text analysis tasks. To address the problem, a filtration method 

was developed to isolate English reviews from others. The dataset underwent this 

filtration process multiple times to ensure its consistency and suitability for text-based 

analysis. 

Duplicate data occurs when the same information is recorded multiple times, which can 

lead to biased analysis results. To address the problem, a systematic approach was 

implemented to identify and remove redundant entries. This process ensured that each 

data point contributed uniquely to the analysis, thereby maintaining the dataset's quality 

and accuracy. 

The following phase was to identify missing values, often referred to as NA values, 

within the dataset. Missing data is a common issue in real-world datasets and can arise 

due to various reasons such as data entry errors, incomplete surveys, or system 

malfunctions. Detecting these NA values is crucial because they can introduce bias, 

reduce statistical power, and potentially lead to inaccurate conclusions if not handled 

appropriately. To handle this, an iterative imputer was employed to predict and fill in 

the missing values based on correlated features. 

Finally, in compliance with ethical standards and data privacy regulations, it was 

necessary to remove any sensitive information from the dataset. Sensitive data includes 

personally identifiable information (PII) such as names, addresses, and other details that 
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could lead to the identification of individuals. So, the column author was removed, 

ensuring that the dataset could be safely used for analysis without risking data breaches 

or violations of privacy. Additionally, were also eliminated some unnecessary columns 

that were not relevant to the study's scope to enhance clarity and focus. 

4.2.2 Data Transformation 

Data transformation involves converting data into a format suitable for analysis [82]. 

This step ensures that the dataset is structured, consistent, and aligned with the analytical 

requirements. Transformation may include parsing data formats, restructuring datasets, 

and creating new variables that enhance the dataset's usability. Properly executed data 

transformation improves the efficiency of subsequent analyses and ensures that the 

dataset is ready for advanced analytical techniques. In this case, the column “ratings” of 

the dataset contained data stored in JSON (JavaScript Object Notation) format, which 

required transformation into a more structured format. JSON is a common data 

interchange format that is easy for humans to read and write, but it can be challenging 

to analyse directly in its raw form. Therefore, the JSON data was parsed and converted 

into separate columns within the dataset. This process involved extracting individual 

fields from the JSON object and representing them as distinct columns to obtain the 

overall rating for each hotel. 

To identify the sentiment associated with the customer’s rating it was created a mapping 

function and applied to the numerical rating values in the “overall” column, this function 

created a new categorical variable, "True_Sentiment," which classified the sentiments 

as 'negative',  'neutral' or 'positive'. Ratings at the lower end of the scale, close to zero 

or slightly above, were categorized as 'negative,' indicating dissatisfaction. Mid-range 

ratings, between 2.0 and 3.0, were labelled as 'neutral,' representing a moderate or 

ambivalent sentiment. Ratings of 3.0 and above were classified as 'positive,' signifying 

satisfaction or approval. Figure 13 illustrates the distribution of sentiments within the 

dataset. 
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Figure 13 - Dataset Sentiment Destribution before data balancing 

 

4.2.3 Data Balancing  

One of the most important steps to ensure an unbiased evaluation of the model's 

performance, is to make sure that the data used for testing the model has not been 

involved in the training process. To achieve this, the dataset was partitioned into two 

distinct subsets: training and testing set, following the Holdout method[83]. It was used 

a 70-30 split, with 70% of the data designated for training and 30% for testing. 

 

Data balancing is essential to ensure that the dataset represents all classes or categories 

fairly. When building a model with a highly imbalanced dataset, there is often a bias 

toward the majority class, leading to better performance in correctly predicting majority 

class cases while minority class cases are frequently misclassified. However, in real life 

use cases, to correctly predict both minority and majority cases, is mandatory to have 

an unbiased model [84]. 

This phase addresses any imbalances in class distribution to avoid biased models and 

improve predictive accuracy. 

After transforming the rating column and obtaining the overall rating for each hotel, an 

imbalance was identified in the dataset, particularly skewed towards the positive 

reviews, as showed in Figure 13. 

There are several techniques to combat imbalanced datasets as presented in Figure 14, 

each with its own advantages and limitations,  
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Figure 14  - Methods to handle imbalanced data 

For this study were analysis the data level approaches, often called as external methods 

because they try to balance the data by resampling the data. These include oversampling, 

where the minority class instances are escalated by duplicating or generating synthetic 

data points using methods such as SMOTE (Synthetic Minority Over-sampling 

Technique). The most common issue with the oversampling method is that it does not 

introduce new instances or information to the dataset, which can lead to overfitting of 

classifiers [85]. In contrast, with undersampling, the number of instances in the majority 

class is reduced to match the minority class. However, this approach does not account 

for the information contained in the discarded instances, which can be problematic. The 

following figure exemplifies the two methods. 

 

 

Figure 15 - Sampling types for imbalanced data preprocessing 
 

Given the dataset's considerable size and the need for balanced representation across all 

classes particularly due to the significant surplus of positive reviews, the undersampling 
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approach was selected as the preferred method. The results of this approach are 

presented in Figure 16. 

 

 

Figure 16  - Dataset Sentiment Destribution after data balancing 
 

Additionally, to simplify the classification task and enhance the model’s ability to 

distinguish between sentiments, the 'negative' and 'neutral' entries were considered as 

the 'negative' class. This was made because both classes represented sentiments that 

were less positive and merging them helped to create a clearer dichotomy between 

'negative' and 'positive' sentiments. By applying undersampling and merging the classes, 

the study ensured that the model was better equipped to provide accurate and 

generalizable predictions across the newly defined sentiment categories. 

4.2.4 Text Processing 

The final step in the pre-processing pipeline focused on the text data within the dataset, 

specifically the column with the reviews. Text processing is a fundamental task in 

natural language processing (NLP) that involves cleaning and preparing textual data for 

analysis [86].This step is crucial as it enhances the quality of the data, reduces noise, 

and ensures that the most relevant information is retained for subsequent analyses. The 

text processing encompassed several key steps.  

Initially, a customized text cleaning function was developed to improve the quality and 

coherence of the text. This function eliminated various elements that could potentially 

introduce noise or irrelevant information, including numbers, non-alphanumeric 

characters, repeated characters, and punctuation. Additionally, all text was converted to 

lowercase to ensure consistency. The NLTK was employed for advanced tokenization, 

which involved breaking down the text into individual words or tokens, this step is 

essential for enabling more granular analysis of the text [87]. Following the tokenization 

step, were removed stopwords and common words such as "and," "the," and "is" that do 

not contribute significant meaning to the text. A filtration process was then applied to 
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exclude words with insufficient length, as very short words often carry little semantic 

value. The remaining words were lemmatized, reducing them to their base or dictionary 

forms. As noted by Jurafsky and Martin [88], lemmatization is preferred over stemming 

because it takes into account the context and part of speech of each word, leading to 

more accurate and meaningful base forms. Through this meticulous process, the 

'clean_text' column was created, being now equipped for diverse tasks in the ensuing 

stages of the study.  
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5 FeedbackFunnel - The Reviews 
Generation Model  

For companies in the hospitality industry, online reviews play a critical role in shaping 

their reputation and influencing potential customers' decisions. However, the volume 

and unstructured nature of this data pose significant challenges for hotel management 

and prospective guests alike, making it difficult to extract meaningful insights. 

To address these challenges, this dissertation centres around the development of a 

custom pipeline model, the FeedbackFunnel, with multiple advanced natural language 

processing (NLP) techniques integrated. This model automates the analysis and 

summarization of hotel reviews, providing a comprehensive and concise overview that 

highlights key features affecting customer satisfaction and dissatisfaction.  

 

As shown in Figure 17, the model is composed of three main components: sentiment 

analysis, feature synthesis, and multi-document summarization, which together 

transform raw review data into actionable insights, that provide a comprehensive and 

concise overview of customer feedback. 
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Figure 17  - FeedbackFunnel Model 
 

The first component of the FeedbackFunnel handles the task of Sentiment Analysis, in 

here is identified the sentiment of each review, positive or negative, using a logistic 

regression classifier. To prepare the text for this model, it was used TF-IDF (Term 

Frequency-Inverse Document Frequency) vectorization. This technique converts the 

reviews into numerical format, allowing the logistic regression model to process them 

effectively. 

The second stage, Feature Synthesis for Sentence Creation, involves the aggregation 

and summarization of significant features identified during sentiment analysis into 

coherent sentences. These sentences effectively summarize the key aspects of the 

reviews, highlighting the most influential positive and negative features. 

The final step in the pipeline is the Multi-Document Summarization task, it leverages a 

pre-trained transformer model to generate a comprehensive summary for each hotel, 

synthesizing information from multiple reviews into a single, coherent narrative. 

 

The architecture was designed with high modularity, enabling flexible and scalable 

processing of large datasets without compromising accuracy or interpretability. 

Achieving this model was not a one-step process; rather, it involved extensive 

experimentation with different models and techniques, described in the next 

subchapters. Each component of the pipeline, sentiment analysis, feature synthesis, and 

multi-document summarization, was developed, tested, and optimized independently 

before being integrated into the final system. This modular approach not only allowed 

for thorough testing of individual components but also facilitated adjustments and 

improvements at various stages of the development process.  

 

Figure 18 illustrates the end-to-end flow of the custom NLP pipeline. The process begins 

with a collection of reviews, where unstructured text feedback is gathered. These 

reviews are first passed through the vectorization step, where the text is transformed 

using TF-IDF into numerical values. Next, the transformed data is fed into the logistic 
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regression model, which then classifies each review as either positive or negative based 

on the sentiment expressed in the text. 

Next, Feature Synthesis task condenses these key points into structured sentences, which 

represent a clear summary of each review's most impactful aspects. These sentences are 

appended to the initial reviews, forming an enriched dataset for the next stage. 

Finally, the enriched reviews are processed in the Multi-Document Summarization 

stage. This step synthesizes key sentences from multiple reviews into a cohesive, 

balanced summary for each hotel, providing actionable insights for hotel managers and 

useful information for potential customers. 

The diagram captures how raw data flows through the FeedbackFunnel, transforming it 

step by step into structured and insightful summaries. 

 

 

 

Figure 18 - FeedbackFunnel pipeline 

5.1 Sentiment Analysis 

The initial component of the system is responsible for sentiment analysis, specifically 

for identifying the overall sentiment expressed in hotel reviews. This module begins by 

receiving a list of reviews and then determines the sentiment for each individual review. 

The development of this module initially involved the use of a pre-trained model, as this 

approach was expected to be straightforward and effective. In particular, the pre-trained 

transformer-based model DistilBERT was employed for this purpose. 

DistilBERT [89], is a smaller and faster version of BERT, was chosen due to its high 

accuracy on sentiment analysis tasks while requiring fewer computational resources. It 

uses knowledge distillation to minimize the BERT base model (bert-base-uncased) 

parameters by 40%, making the inference 60% faster as shown in Figure 19 [90]. It was 

used the pre-trained version of DistilBERT fine-tuned on the SST-2 (Stanford Sentiment 
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Treebank) dataset [91], which classifies text into binary sentiment categories (positive 

or negative). 

 

Figure 19  - DistilBERT model architecture and components [90]  

To use the model, the reviews were initially tokenized using the DistilBERTTokenizer 

[92], which converts the textual input into the format required for BERT-based models. 

Each tokenized review was then padded or truncated to a maximum length to ensure 

uniformity across inputs. The model was trained over multiple epochs using the AdamW 

optimizer [93], and a learning rate scheduler was applied to adjust the learning rate 

dynamically during training. By using cross-entropy it was possible to compute loss 

values and the weights of the model were updated with backpropagation. 

Despite the effectiveness of this deep learning approach, it did not align with the 

project's goals of creating a more interpretable model, therefore, was not included in the 

model pipeline. Additional details regarding the rationale behind this decision can be 

found in the results section. 

 This led to the exploration of more transparent and understandable models, ultimately 

resulting in the selection of logistic regression due to its simplicity, interpretability, and 

competitive performance. Nevertheless, experiments still needed to be conducted to 

identify the most effective feature extraction method for logistic regression and 

determine the optimal approach for this dataset.  

 

Two primary feature extraction techniques were evaluated: Bag of Words (BoW) and 

TF-IDF, both transform text data into numerical representations but differ in how they 

treat word occurrences.  

BoW is a straightforward technique used to count the occurrences of a word in a text, 

by creating a feature vector containing the number of occurrences of each unique word. 

It is mostly used to build the vocabulary of all matchless words and train the learning 

models through their frequencies [94]. 

On the other side, TF-IDF enhances the BoW approach by weighting words based on 

their frequency in a document relative to their frequency across the entire corpus. Words 

that appear frequently in a document but rarely in other documents are given higher 

importance, thereby highlighting terms that are more relevant to the specific context of 
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the document [94]. This is particularly helpful for identifying words that carry 

significant sentiment information in hotel reviews. 

In addition to experimenting with these feature extraction methods, different n-grams, 

sequences of n words in a given text, were tested to capture varying levels of contextual 

information. Specifically, unigrams (single words) were employed to identify individual 

sentiment-laden terms. Bigrams (two-word combinations) were used to capture short 

phrases or negations that might influence sentiment, such as 'not great'. Trigrams (three-

word combinations) were tested to detect more nuanced sentiment expressions, although 

they tended to introduce greater sparsity into the data.  

Each of the feature extraction methods (BoW and TF-IDF) was tested with varying n-

gram ranges to evaluate their performance with the logistic regression model. 

Ultimately, TF-IDF with unigrams was selected, as it provided a balance between 

computational efficiency and the ability to capture meaningful patterns in the text data. 

Further details on this selection are discussed in the results section. 

 

Once the text was vectorized, the sentiment of each review was classified using a logistic 

regression model implemented with scikit-learn’s library. Logistic regression is a binary 

classification method that estimates the probability of a review belonging to either a 

positive or negative sentiment class. This estimation is achieved by applying a logistic 

function to a weighted sum of  the input features, where each feature corresponds to a 

term in the vectorized text [95].  

 

During the training process, the model adjusts the weights assigned to each feature to 

minimize classification errors. This adjustment was achieved using the lbfgs (Limited-

memory Broyden-Fletcher-Goldfarb-Shanno) optimization algorithm, which is the 

default method in scikit-learn's implementation. 

The lbfgs performs optimization by approximating the Hessian matrix, allowing for 

efficient weight updates based on discrepancies between the predicted probabilities and 

the actual sentiment labels [96].  

The logistic function then maps the weighted sum of features to a probability score 

between 0 and 1. This probability score determines the sentiment label for each review: 

the model classifies the review as positive if the probability exceeds 0.5, and as negative 

if it falls below this threshold. 

As already mentioned, the decision to choose logistic regression was driven by its 

transparency, as the model's learned weights provide insights into the contribution of 

each feature to the sentiment classification. These weights highlight which terms are 

most strongly associated with positive or negative sentiments, making the model both 

effective in its predictive performance and understandable in its reasoning. This clarity, 

supported by the results discussed in the results section, demonstrates the model's 

capability to offer significant knowledge alongside accurate classification. 

 

5.2 Feature Synthesis for Sentence Creation 
 

Following the sentiment analysis, the next stage of the pipeline is the synthesis of 

features into structured sentences. This step is very important as it is responsible for 
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transforming the sentiment and significant features identified in the previous stage into 

a format that is informative, easily understandable and most importantly, can be 

integrated and used in the next stage of the pipeline. 

 

Here, the model aggregates the top-weighted terms from each review, identified during 

sentiment analysis, and constructs sentences that succinctly capture the review's 

essence.  

Figure 20, represents the structure of each created sentence.  

 

 

 

Figure 20 - Sentence Structure 
 

Figure 21 illustrates an example sentence. 

 

 

Figure 21 – Example Sentence 
 

 

Each sentence is then appended to the end of its corresponding review, which is 

subsequently passed to the third and final stage: summarization. 

The process of feature synthesis ensures that the sentences capture not only the positive 

aspects of the reviews but also the negative ones, highlighting both satisfaction and 

dissatisfaction. This step is crucial for delivering a balanced and concise summary of 

customer feedback, which will be further refined in the final stage of the pipeline. 

5.3 Multi-document summarization 
  

The final stage of the pipeline is dedicated to multi-document summarization, which 

synthesizes the key sentences derived from multiple hotel reviews into a concise and 

coherent summary for each hotel. This step leverages a pre-trained transformer model,  

BART (Bidirectional and Auto-Regressive Transformers) [97], specifically 

“sshleifer/distilbart-cnn-6-6”, that is known for its proficiency in text generation tasks, 

such as summarization. 

Developed by Facebook AI, BART is a state-of-the-art sequence-to-sequence model 

that combines the strengths of both bidirectional (BERT-like) and autoregressive (GPT-

like) architectures. This dual architecture makes BART particularly well-suited for 
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summarization tasks because it can comprehend input text in full context and generate 

meaningful, coherent summaries. [97]  

In this implementation was particularly used the pre-trained version of BART, 

DistilBART, as it is a smaller and more efficient version, that provides faster inference 

times while maintaining high performance. 

 

One of the biggest challenges, if not the biggest, in training a model for hotel review 

summarization was the absence of a specialized dataset containing reviews and their 

corresponding summaries. As it didn’t exist a dataset tailored for hotel review 

summarization, it was used the “Multi-News” dataset [98], a widely used resource for 

multi-document summarization tasks. This dataset contains news articles from various 

sources, along with their summaries, making it suitable for generating summaries from 

multiple documents. While the domain of news articles differs from that of hotel 

reviews, the underlying task of synthesizing information from several sources into a 

coherent summary remains similar. This characteristic made the “Multi-News” dataset 

a viable substitute for fine-tuning the model. 

The Figure 22 illustrates an example of multiple input news documents and their 

summary. 

 

 

Figure 22 - Example of multi-document summarization dataset input documents and 
their summary 

 

The implementation process for the summarization stage involved several key steps. 

Initially, the reviews were tokenized using the DistilBART tokenizer. This tokenizer 

processes the text to ensure it fits within the model’s input constraints, which is typically 

up to a maximum length of 1,024 tokens [97]. To maintain consistency across inputs, 

reviews were either truncated or padded as needed. 
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Next, DistilBART was fine-tunned using the Multi-News dataset, where it was used the 

AdamW optimizer to adjust the model's weights effectively, and the gradient 

accumulation to manage memory and computational resources efficiently. 

Hyperparameters, including the learning rate, batch size, and number of training epochs, 

were meticulously tuned to achieve optimal performance. The results of this multi-

document summarization process, including the effectiveness of the DistilBART model 

and the quality of the generated summaries, can be found in the results section. 

 

By leveraging the Multi-News dataset and fine-tuning the DistilBART model, this stage 

of the pipeline successfully produced comprehensive summaries that encapsulates the 

overall sentiment and key features of customer feedback, offering hotel managers 

important information into areas of strength and potential improvement. 
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6 Experimentation and Results 

This chapter presents the experimental results obtained from the key components of the 

proposed pipeline: Sentiment Analysis and Multi-Document Summarization. Each 

component was subjected to extensive experimentation to identify the most effective 

models, configurations, and techniques for the task at hand. In the following sub-

chapters is presented a detailed evaluation and comparison of each approach, analysing 

the results of each experiment and highlighting the strengths and weaknesses of the 

different methods employed. 

The experiments aimed to achieve two main goals: maximize accuracy in sentiment 

classification and to produce comprehensive yet concise summaries in the multi-

document summarization stage. For both tasks, various models, feature extraction 

methods, and hyperparameters were tested to ensure that the final model provided 

reliable, interpretable, and scalable results. 

6.1 Sentiment Analysis 
As established by now, sentiment analysis plays a crucial role in understanding customer 

feedback, so efforts were made to ensure that the most effective approaches to accurately 

capture the sentiment expressed in textual reviews were selected. The present section 

focuses on evaluating different models and techniques for classifying sentiments, using 

metrics such as precision, recall, F1-score, and overall accuracy. Simultaneously, 

special attention was given to the interpretability of the models.  

 

The following sub-chapters present results of experiments with VADER, a pre-trained 

BERT-based model (DistilBERT), and logistic regression, highlighting the comparative 

performance of these methods and analysing the factors that influenced their 

effectiveness. 

6.1.1 Evaluation Metrics 

Evaluating the performance of model is essential to understand how well it generalizes 

to unseen data. The present sub-chapter introduces the primary evaluation metrics used 

in the experiments highlighting their relevance to the task of sentiment analysis. 
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6.1.1.1 Confusion Matrix 

For binary classification problems, the discrimination evaluation of the best (optimal) 

solution during the classification training can be defined based on confusion matrix. The 

confusion matrix provides a detailed breakdown of how the model’s predictions 

compare to the actual labels [99]. It is structured as a table with four quadrants, as shown 

in Figure 23, which allows for a breakdown of correct and incorrect predictions across 

all classes as shown in Table 1 [99]. 

 

Figure 23 - Confusion Matrix [99] 
Where: 

• TP (True Positives): Correctly predicted positive instances. 

• TN (True Negatives): Correctly predicted negative instances. 

• FP (False Positives): Incorrectly predicted positive instances. 

• FN (False Negatives): Incorrectly predicted negative instances. 

The confusion matrix is the base for calculating other performance metrics like 

accuracy, precision, recall, and the F1-score. 

6.1.1.2 Accuracy 
 

Accuracy or error rate is one of the simplest and most commonly used metrics in 

classification tasks. It measures the proportion of correctly predicted instances by the 

trained model (both positive and negative) over the total number of instances[99]. 

Mathematically, accuracy is expressed as Equation 1: 

Equation 1 - Accuracy 

 
 

This metric is very straightforward; however, it can be misleading in cases of 

imbalanced datasets where one class significantly outweighs others [99]. In such cases, 

high accuracy may be achieved by simply predicting the majority class for all instances 

[99]. Thus, other metrics, such as precision, recall, and F1-score, are often employed to 

offer a more nuanced understanding of model performance [99]. 
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6.1.1.3 Precision 

Precision measures the proportion of true positive predictions out of all instances that 

were predicted as positive by the model. Precision focuses on the correctness of the 

positive predictions made by the model [99]. Equation 2 reveals the formula for the 

calculation: 

Equation 2- Precision 

 

High precision indicates that a model has a low rate of false positive predictions, 

meaning it is reliable in identifying positive instances. However, precision alone does 

not capture how well the model identifies all relevant positive instances, which is where 

recall becomes important [99]. 

 

6.1.1.4 Recall (Sensitivity or True Positive Rate) 

Recall, also known as sensitivity or true positive rate, measures the fraction of actual 

positive instances that were correctly identified by the model, and it is calculated as 

Equation 3: 

Equation 3 - Recall 

 

High recall indicates that the model successfully identifies most of the true positive 

instances, but it does not account for the number of false positives. Therefore, precision 

and recall are often balanced using the F1-score. 

6.1.1.5 F1-score 

The F1-score is the harmonic mean of precision and recall. It provides a single metric 

that balances the trade-off between precision and recall, particularly useful when the 

two metrics present a conflict [99]. The F1-score is calculated with Equation 4: 

Equation 4 - F1 

 

The F1-score is especially helpful in scenarios where the dataset is imbalanced, as it 

accounts for both false positives and false negatives. A model with a high F1-score has 

found an optimal balance between precision and recall, ensuring that it not only correctly 
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identifies positive instances but also avoids misclassifying negative instances as 

positive. 

6.1.1.6 Macro Average vs. Weighted Average 

In multi-class classification problems, metrics such as precision, recall, and F1-score 

can be aggregated across multiple classes using different averaging techniques: macro 

average and weighted average. The macro average approach calculates the metric for 

each class independently and then taking the simple arithmetic mean of these values. 

This method treats all classes equally, regardless of their size, and is particularly useful 

when all classes are of equal importance. However, it does not take into account any 

imbalance in the dataset, which can lead to a less accurate reflection of overall model 

performance in situations where the distribution of classes is uneven [100], [101]. 

In contrast, the weighted average takes into consideration the class imbalance by 

assigning a weight to each class proportional to its size within the dataset. In this 

method, the metric for each class is computed as usual, but then the final average is 

calculated by taking into consideration the proportion of samples that belong to each 

class [101]. This ensures that larger classes contribute more to the overall score, making 

it a more appropriate measure in cases where some classes are significantly more 

prevalent than others [101]. 

6.1.2 Vader  

The first model explored and tested for the sentiment analysis task was VADER, a 

lexicon-based and simple rule-based mode designed to assess sentiment in short texts. 

It assigns sentiment scores to words in a text, calculating an overall sentiment polarity 

(positive, negative, or neutral) based on predefined lexicon rules [102]. This model is a 

widely used model for such tasks due to its simplicity in the implementation.  

The SentimentIntensityAnalyzer module from the Natural Language Toolkit (NLTK) 

was used to implement the VADER and a custom function, “get_sentiment,” was 

developed to classify each review based on its compound sentiment score, categorizing 

the text as either positive, negative, or neutral. After processing the dataset, VADER 

classified 734,772 reviews as positive, 86,727 as negative, and 57,062 as neutral. 

 

To assess the effectiveness of VADER’s sentiment classification, several key metrics 

were calculated: precision, recall, and F1-score. To compare the obtained values from 

VADER to the expected ones it was used the column "True_Sentiment”, allowing a 

more detailed analysis of its performance across different sentiment categories. The 

Figure 24 presents the confusion matrix for the VADER model, illustrating the 

relationship between true sentiment and predicted sentiment across negative, neutral, 

and positive classes. 
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Figure 24  -  Vader Confusion Matrix 
 

The confusion matrix reveals that while VADER excelled at identifying positive 

sentiment, its performance in classifying neutral and negative reviews was less reliable. 

To quantify this, the “classification_report” function from scikit-learn was used to 

compute precision, recall, F1-score, and support for each sentiment category, as shown 

in Table 4. 

Table 4  - Vader Classification report 
 precision     recall   f1-score support 

negative 0.28 0.42 0.33 58099 

neutral 0.10 0.09 0.09 62810 

positive 0.90 0.87 0.89 757639 

     

accuracy - - 0.79 878561 

macro avg 0.32       0.34       0.33     878561 

weighted avg 0.80 0.79 0.79 878561 

 

The sentiment analysis model, based on the VADER lexicon, demonstrates varied 

performance across different sentiment classes. The precision for negative sentiment is 

28%, indicating that approximately 28% of instances predicted as negative were true 

negatives. However, the recall for negative sentiment is 42%, suggesting that 42% of 

actual negative instances were correctly predicted. 

For neutral sentiment, both precision and recall are relatively low, at 10% and 9% 

respectively. This implies that the model struggles to accurately identify and predict 

instances with neutral sentiment. 

In contrast, the model performs exceptionally well for positive sentiment, with a 

precision of 90% and a recall of 87%. This signifies that the model effectively identifies 

and correctly predicts instances with positive sentiment. 
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The overall accuracy of 79% reflects the model’s performance across all sentiment 

classes; however, it is important to note that these results were obtained using an 

imbalanced dataset during the initial phase of experimentation. At this stage, a 

substantial class imbalance between positive and negative reviews was identified, with 

a significant proportion of reviews classified as positive compared to negative and 

neutral ones. This imbalance likely influenced the high accuracy, as the model 

performed exceptionally well in identifying the majority positive class, while struggling 

with the smaller negative and neutral classes. 

Despite recognizing this imbalance, further efforts to address it, such as resampling or 

adjusting class weights, were not pursued because the output of this phase of sentiment 

analysis was a simple positive or negative label. This didn’t provide enough granular 

information to be useful for the later stages of the pipeline. As a result, it was deemed 

unnecessary to focus on improving VADER’s performance, and the model was set aside 

in favour of more advanced approaches capable of providing richer sentiment insights. 

 

6.1.3 Distilbert 

Similarly to VADER, the pre-trained DistilBERT model, a lightweight variant of BERT, 

was tested for the sentiment analysis task. Like VADER, DistilBERT's output was 

limited to a simple sentiment label (positive, negative, or neutral). At the time of this 

experimentation, it was not fully recognized that a more detailed, nuanced sentiment 

representation would be essential for proper integration into the model pipeline. 

Thus, the current sub-section presents the experiments conducted with DistilBERT. 

This experimented was done using the “distilbert-base-uncased-finetuned-sst-2-

english”, a variant of DistilBERT that has been pre-finetuned on the SST-2 dataset for 

binary sentiment classification. The DistilBERT tokenizer was utilized to prepare the 

text data, converting it into the appropriate format for the model by padding or 

truncating each text sample to a maximum length of 128 tokens. 

The training (70%) and validation (30%) data were loaded using DataLoader instances 

to handle batching and ensure efficient data processing. The training group was shuffled 

to improve model learning, while the validation one was processed in a sequential 

manner for accurate performance evaluation. 

The model was fine-tuned over three epochs using the AdamW optimizer with a learning 

rate of 2e-5. A linear learning rate scheduler adjusted the learning rate throughout the 

training. During each epoch, the model's performance was monitored by calculating the 

accuracy and other classification metrics. 

Table 5 shows the results obtain during each epoch: 
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Table 5 – Distilbert Training Results  

Epoc
h 

Traini
ng 
Loss 

Validati
on 
Accurac
y 

Negati
ve 
Precisi
on 

Negati
ve 
Recall 

Negati
ve F1-
Score 

Positiv
e 
Precisi
on 

Positi
ve 
Recall 

Positi
ve F1-
Score 

1/3 0.2099 94.98% 0.80 0.27 0.40 0.95 1.00 0.97 

2/3 0.1169 95.82% 0.86 0.40 0.55 0.96 1.00 0.98 

3/3 0.0869 95.82% 0.86 0.40 0.55 0.96 1.00 0.98 

 

From the results of the training, the model showed a strong ability to classify positive 

sentiments accurately, achieving a consistent recall of 100% for positive samples across 

all epochs. However, the performance on negative samples was less robust, with recall 

values ranging from 27% to 40%, exposing the low capacity in detecting negative 

sentiment accurately. This disparity in performance is also reflected in the macro-

averaged F1-scores, which remained below those for positive sentiment. 

 

Validation accuracy showed incremental improvement, rising from 94.98% in the first 

epoch to 95.82% in subsequent epochs, indicating that the model continued to learn and 

improve with additional training. The decreasing training loss across epochs further 

confirms the model's learning progress. 

Despite the effectiveness of this deep learning approach, it was computationally 

expensive, and the complexity did not align with the project's goals of creating a more 

interpretable model. This led to the exploration of more straightforward and 

interpretable model. 

6.1.4 Logistic Regression 

After the experimentation phase with both VADER lexicon and the BERT-based model 

and considering the expected output of this dissertation, the decision was made to utilize 

logistic regression for text classification. This method was selected to efficiently 

pinpoint the most significant positive and negative terms in the reviews, along with their 

corresponding weights, offering a more interpretable model that aligns with the 

objectives of the project. 

This chapter presents the results of the sentiment analysis experiments conducted using 

Logistic Regression, focusing on the comparison of two widely used feature extraction 

techniques, Bag of Words (BoW) and Term Frequency-Inverse Document Frequency 

(TF-IDF), in combination with different n-gram ranges. By testing these methods, the 

goal was to determine which configuration offered the best balance between model 

performance and computational efficiency. 

The comparative performance of these configurations is analysed through metrics such 

as accuracy, precision, recall, and F1-scores. Additionally, the influence of different n-
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gram ranges on the model’s ability to detect nuanced sentiment expressions is discussed. 

The final choice of TF-IDF with unigrams emerged as the most effective, balancing 

computational complexity with the accuracy required for sentiment analysis of hotel 

reviews. 

6.1.5 TF-IDF Models 

This sub-chapter evaluates the performance of the TF-IDF model using different n-

grams ranges. For each n-gram was created a section that contains a detailed analysis of 

the model's metrics. Furthermore, the top features identified by the model are revealed 

and the model’s performance is analysed, highlighting the influence of significant terms 

and potential implications for sentiment classification. 

 

6.1.5.1 Unigram 
 

The first approach tested in the sentiment classification task was the unigram model 

using TF-IDF. This model considers individual words (unigrams) as features, 

transforming each word into a weighted numerical value based on its frequency within 

a review relative to its frequency across the entire dataset. The resulting performance 

metrics, as well as the top features identified by the model, provide valuable insights 

into its effectiveness in capturing sentiment. 

 

Table 6 displays the model's performance. 

 

Table 6 - TF-IDF Unigram metric results 

1-gram with TF-IDF: 

Accuracy: 88.37% 

 precision     recall   f1-score    support 

negative        0.74       0.88       0.80      62241 

positive        0.95       0.89       0.92     169045 

     

accuracy   0.88     231286 

macro avg        0.85       0.88       0.86     231286 

weighted avg        0.89 0.88  0.89 231286 

 
 

With this approach strong results were obtained, particularly in terms of accuracy and 

balanced performance across positive and negative classes. The model achieved an 

overall accuracy of 88,37%, meaning that nearly 9 out of 10 reviews were classified 

correctly. For negative sentiment, the model achieved a precision of 0.74 and a recall of 

0.88, resulting in an F1-score of 0.80, indicating a slightly lower precision in identifying 

negative reviews but high effectiveness in ensuring that most negative reviews were 

correctly identified. For the positive sentiment, the results were even stronger, with a 

precision of 0.95, a recall of 0.89, and an F1-score of 0.92. These high precision and 
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recall values highlight the model’s ability to accurately capture positive sentiment with 

a strong balance between identifying true positives and minimizing false positives. 

Overall, the macro average of the F1-scores was 0.86, reflecting the model's solid 

performance across both sentiment categories, and the weighted average F1-score was 

0.89, reinforcing the model’s reliability in classifying reviews. 

 

Table 7 discriminates the top key words that heavily influence sentiment classification, 

both positive and negative. 

 

Table 7 - TF-IDF Unigram top features 

1-gram TF-IDF 

Feature Weight 

Top 

positive 

features: 

 

great 8.506845 

loved 7.981851 

perfect 7.887064 

highly 7.565836 

excellent 7.311866 

wonderful 6.724113 

amazing 6.427809 

pleased 6.333833 

definitely 5.828136 

spotless 5.430810 

Top 

negative 

features: 

 

horrible -6.180869 

ok -6.216993 

tiny -6.416594 

dated -6.589148 

terrible -7.177905 

average -7.275810 

poor -8.126582 

rude -8.171475 

worst -8.575810 

dirty -8.846646 
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The model identified words like "great", "loved", "perfect", "highly" and "excellent" as 

having the most significant impact on positive classifications. These words are strong 

indicators of satisfaction and positive experiences within the reviews. 

On the other hand, the negative side of the classification shows significant contributions 

from words such as "dirty", "worst", "rude", "poor" and "terrible". These words are 

highly indicative of dissatisfaction and are commonly used in reviews that reflect poor 

experiences, including issues with cleanliness, staff behaviour and general service 

quality. 

 

The performance of the TF-IDF unigram model demonstrates its effectiveness in 

distinguishing between positive and negative sentiment through individual words. The 

achieved accuracy and balanced metrics suggest that it captures core sentiments 

effectively across most reviews. However, the model’s strong reliance on a limited set 

of highly weighted words may reduce its ability to accurately interpret more nuanced or 

complex reviews. 

While emphasizing certain terms aligns with the goal of identifying significant 

sentiment indicators, it is crucial to maintain a broader perspective. Ensuring a diverse 

representation of features can enhance the model's robustness and generalizability. 

To achieve this balance, identifying core sentiment words is essential, but monitoring 

the weight distribution of terms is equally important. Additionally, incorporating 

contextual information through phrases or n-grams can deepen the understanding of 

sentiment in the reviews. 

As a result, additional experiments were conducted by varying the dimension of the n-

grams.  

 

6.1.5.2 Bigram 
 

The second approach tested involved using bigrams (two-word combinations) with TF-

IDF. This model captures not only individual words but also word pairings, offering a 

more nuanced understanding of sentiment by considering the relationships between 

words. Like the unigram model, the bigram approach assigns weighted numerical values 

to word pairs based on their frequency within a review relative to their occurrence across 

the entire dataset. 

The performance of the bigram model is presented below in Table 8. 

 

Table 8 - TF-IDF Bigram metric results 

2-gram with Tf-idf: 

Accuracy: 84.34% 

 precision     recall   f1-score    support 

negative        0.67     0.84     0.874     62241 

positive        0.93 0.85       0.89     169045 

     

accuracy   0.84     231286 

macro avg        0.80       0.84       0.81     231286 

weighted avg        0.86 0.84  0.85 231286 
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The bigram model achieved an overall accuracy of 84.34%, slightly lower than the 

unigram model's 88.37%. Precision for positive reviews remains high at 0.93, but there 

is a noticeable drop in the precision for negative reviews (0.67), indicating that while 

the model is still highly effective at identifying positive sentiment, it struggles more 

with distinguishing negative sentiment. 

The recall for negative sentiment (0.84) is relatively high, meaning the model 

successfully identifies a large proportion of negative reviews, but the lower precision 

suggests that it also misclassifies some non-negative reviews as negative. The F1-scores 

reflect this trend, with a solid 0.89 for positive sentiment and a lower 0.74 for negative 

sentiment. Additionally, the weighted average F1-score of 0.85 shows that the model 

generally performs well across both classes. 

 

Table 9Table 7 presents the top bigrams that heavily influence sentiment classification, 

both positive and negative. 

 

Table 9 – TF-IDF Bigram top features 
 2-gram TF-IDF 

Feature Weight 

Top 

positive 

features: 

 

definitely stay 8.623065 

highly recommend 7.642026 

definitely return 6.373402 

loved hotel 5.878553 

exceeded expectations 5.529761 

highly recommended 5.420604 

definately stay 5.390737 

definitely recommend 5.363169 

great stay 5.339992 

loved stay 5.272289 

Top 

negative 

features: 

 

rooms dated -4.677622 

desperate need -4.739371 

wouldn stay -4.902055 

service poor -4.918949 

positive note -5.134156 

walls paper -5.278891 
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hotel ok -5.944635 

staff rude -6.009758 

room dirty -6.011174 

worst hotel -6.891394 

 

 

 

The bigram model identifies several highly influential word pairs that are particularly 

indicative of positive and negative sentiment. For positive reviews, phrases like 

"definitely stay," "highly recommend," and "exceeded expectations" carry significant 

weight, indicating strong associations with positive customer experiences. These 

bigrams often appear in highly favourable reviews, enhancing the model’s ability to 

identify positive feedback more accurately. 

On the negative side, phrases such as "rooms dated," "service poor," and "staff rude" 

have strong negative weights, reflecting common complaints related to poor conditions 

and unsatisfactory service. These bigrams provide more context than single words, as 

they encapsulate specific areas of dissatisfaction. 

 

However, some errors were identified within both positive and negative bigrams, such 

as misspellings and awkward phrasings, often caused by the casual way people write 

their reviews. For example, variations like "definately stay" instead of "definitely stay" 

could lead to misinterpretations of sentiment.  

 

The TF-IDF bigram model offers a more nuanced view of sentiment by considering the 

relationships between words, as seen in the high weights assigned to key phrases that 

encapsulate specific opinions. While the overall accuracy (84.34%) is slightly lower 

than the unigram model's 88.37%, the inclusion of word pairs improves the model's 

ability to capture sentiment nuances that unigrams may miss. For instance, "definitely 

stay" or "rooms dated" convey clearer sentiment than single words like "definitely" or 

"dated." 

In comparison to the unigram model, the bigram model tends to perform better at 

identifying more contextually complex sentiments but at the cost of reduced precision 

in negative classifications. While it still handles positive sentiment well, the model 

appears to struggle more with accurately identifying negative reviews, as indicated by 

the lower precision for negative sentiment. This could be due to the fact that some 

negative bigrams are less frequent or more context-dependent, making them harder to 

generalize. 

Furthermore, while bigrams introduce more specific and relevant features, they can also 

introduce sparsity in the dataset, as not all word pairs occur frequently. This could 

explain the slight decline in accuracy compared to the unigram model, which relies on 

a broader set of features. 

Misspellings were detected in the bigrams, an issue not present in previous models, 

reinforcing the need to implement preprocessing techniques like spell-checking and 

lemmatization. 

Overall, the bigram model strikes a balance between capturing more detailed sentiment 

and maintaining accuracy, but further improvements, such as addressing sparsity and 

incorporating more context (e.g., trigrams), could enhance its performance. 
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6.1.5.3 Trigram 
 

Trigrams (three-word combinations) were the third approach tested with TF-IDF. This 

model extends beyond individual words and pairs to capture more detailed contextual 

information by analysing word sequences of three. By considering these longer phrases, 

the trigram model aims to better understand nuanced sentiments, even if the means a 

worst performance and higher complexity. 

Table 10 contains the performance results when using the trigram model. 

Table 10 - TF-IDF Trigram metric results 

3-gram with Tf-idf: 

Accuracy: 69.70% 

 precision     recall   f1-score    support 

negative        0.46       0.76       0.57      62241 

positive        0.88      0.67       0.76     169045 

     

accuracy   0.70    231286 

macro avg        0.67       0.72       0.67     231286 

weighted avg        0.77 0.70  0.71 231286 
 

The trigram model achieved an overall accuracy of 69.70%, which is significantly lower 

than both the unigram and bigram models. The precision for negative sentiment dropped 

to 0.46, indicating more difficulty in correctly identifying negative reviews. While the 

model maintains strong precision for positive sentiment at 0.88, its performance in recall 

for positive reviews is lower at 0.67, suggesting that many positive reviews were missed. 

The overall F1-score of 0.70 reflects a balance between precision and recall but 

highlights challenges in distinguishing between sentiments effectively with trigrams. 

 

The 10 trigrams that heavily influence sentiment classification, both positive and 

negative, are shown in Table 11. 

 

 

 

Table 11 - TF-IDF Trigram top features 
3-gram TF-IDF 

Feature Weight 

Top 

positive 

features: 

 

highly recommend hotel 8.232809 

say good things 4.421096 

overall great stay 4.274216 

thoroughly enjoyed stay 4.196700 

really enjoyed stay 4.050168 

definitely stay recommend 3.853317 

felt like home 3.779675 
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highly recommend place 3.777274 

highly recommend 
property 

3.711834 

hotel exceeded 
expectations 

3.612954 

Top 

negative 

features: 

 

worst hotel ve -3.785434 

poor customer service -3.804671 

make matters worse -3.818475 

better places stay -3.835881 

stay away hotel -3.842275 

walls paper hear -3.948085 

bed bug bites -4.088909 

asked speak manager -4.195019 
 

worst hotel experience -4.956874 

worst hotel stayed -5.314064 

 

 

The trigram model reveals a variety of highly influential phrases that provide clearer 

context for both positive and negative sentiment. In positive reviews, phrases like 

"highly recommend hotel", "overall great stay" and "felt like home" strongly indicate 

high customer satisfaction and positive experiences. These trigrams capture a deeper 

level of sentiment, combining specific actions or feelings with places or properties, 

which helps the model interpret sentiment more accurately. 

On the negative side, trigrams such as "poor customer service", "stay away hotel" and 

"worst hotel experience" clearly reflect dissatisfaction and serious issues with service 

quality. 

Similarly to the bigrams in this model, there are also tokens like "worst hotel ve" and 

"walls paper hear," which contain misspellings and awkward phrasing. Therefore, 

additional preprocessing steps would be beneficial. 

 

 

The trigram model offers a more contextually rich understanding of reviews by 

capturing longer, more detailed phrases. However, the suspects of worse results are 

proved as the overall accuracy is only 69.70%. compared to the unigram (88.37%) and 

bigram (84.34%) models. While its precision for positive sentiment is high at 0.88, the 

recall drops to 0.67, indicating difficulty capturing all positive reviews. In contrast, both 

the unigram and bigram models maintain higher recall rates for positive sentiment. For 

negative sentiment, the trigram model performs the worst, with a precision of only 0.46. 

This suggests it misclassifies many non-negative reviews as negative, likely due to the 

complexity of identifying relevant three-word phrases. 

Errors such as misspellings and awkward phrasing are prevalent and impact the model’s 

effectiveness, especially since longer sequences are more prone to errors in this case. 
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Moreover, the lower recall for positive reviews (0.67) indicates that the model misses a 

notable portion of positive reviews. This could be due to the relatively sparse occurrence 

of meaningful trigrams in the dataset, as not all reviews contain well-defined three-word 

phrases. Consequently, this can lead to reduced generalizability and effectiveness in 

identifying sentiment consistently. 

Overall, while the trigram model captures detailed sentiment, its lower accuracy and 

precision show that preprocessing techniques like spell-checking and lemmatization are 

important for improving performance. Its complexity results in data sparsity, making it 

less effective than the unigram and bigram models, excluding it as one of the possible 

choices for the pipeline of the FeedbackFunnel model.  

6.1.6 BOW Models 

This sub-chapter evaluates the performance of the BOW model using different n-grams 

ranges. It follows a similar structure to the previous sub-chapter, with each n-gram 

having a section that includes a detailed analysis of the model's metrics, such as 

accuracy, precision, recall, and F1-score. Additionally, the top features identified by the 

model are presented, along with an analysis of the model's performance to highlight the 

influence of significant terms on sentiment classification. 

 

 

6.1.6.1 Unigram 
 

First was tested the unigram model using the Bag of Words (BoW) method. This model 

treats individual words as features, representing each word's presence or absence in a 

review without considering their order. Each word is assigned a weighted numerical 

value based on its frequency within the reviews. The performance metrics and top 

features identified by the model offer important insights into its effectiveness in 

capturing sentiment. 

 

The performance of the BOW model is presented in Table 12. 

 

Table 12 - BOW Unigram metric results 

1-gram with BOW: 

Accuracy: 88.37% 

 precision     recall   f1-score    support 

negative        0.74       0.88       0.80      62241 

positive        0.95       0.89       0.92     169045 

     

accuracy   0.88     231286 

macro avg        0.85       0.88       0.86     231286 

weighted avg        0.89 0.88  0.89 231286 
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The BoW model achieved an overall accuracy of 72.60%, the precision for positive 

reviews is at 0.85, while negative reviews have a precision of 0.60, indicating the model 

is more effective at identifying positive sentiment. 

In terms of recall, the model performs well for negative sentiment at 0.75, but the 

positive sentiment drops to 0.70, suggesting some positive reviews were misclassified. 

The F1-scores further reflect this trend, with a score of 0.67 for negative sentiment and 

0.77 for positive sentiment. 

Table 13 has the top features found using the BOW model. 

Table 13 - BOW Unigram top features 
1-gram BOW 

feature weight 

Top 

positive 

features: 

 

heartbeat 1.550499 

exceeded 1.178270 

hesitate 1.162992 

impeccably 1.149466 

perfection 1.131088 

delighted 1.103154 

hesitation 1.074785 

spotless 1.073551 

criticism 1.057809 

gem 1.028887 

Top 

negative 

features: 

 

ruined -1.216493 

disinterested -1.241220 

unhelpful -1.246045 

appalling -1.247065 

worst -1.261289 

cockroaches -1.263287 

dingy -1.275610 

bites -1.363846 

redeeming -1.469122 

indifferent -1.470867 
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The BoW model identifies positive features like "heartbeat," "exceeded," and 

"delighted" that suggest high levels of customer satisfaction, while negative features 

such as "worst," "appalling," and "cockroaches" clearly express dissatisfaction. 

This model suffers from misspellings and awkward phrasing in some features, which 

can detract from its accuracy 

Overall, while the Bag of Words model offers a simple and effective way to analyse 

sentiment, its lower accuracy (72.60%) compared to the TF-IDF unigram (88.37%) and 

bigram (84.34%) models illustrates its limitations. The model performs well in 

identifying positive sentiment but struggles with negative classifications, particularly 

due to the lack of context in its representation.  

The model also reveals to have the same writing errors seen in the TF-IDF bigram and 

trigram, revealing the necessity of more preprocessing tasks.   

So, while the Bag of Words (BoW) model offers basic insights, the more detailed n-

gram models are often better for effective sentiment analysis. 

 

 

6.1.6.2 Bigram 

The second approach tested involved using bigrams (two-word combinations) with the 

Bag of Words (BoW) model. This method captures not only individual words but also 

word pairings, offering a more nuanced understanding of sentiment by considering 

relationships between words. Like the unigram model, the bigram approach assigns 

weighted numerical values to word pairs based on their frequency within a review. 

The performance of the bigram model is presented below in Table 14. 

Table 14 - BOW Bigram metric results 

  2-gram with BOW: 

Accuracy: 87.85%  
precision recall f1-score support 

negative 0.73 0.86 0.79 62241 

positive 0.95 0.88 0.91 169045 

     

accuracy 
  

0.88 231286 

macro avg 0.84 0.87 0.85 231286 

weighted avg 0.89 0.88 0.88 231286 

 

 

The bigram model achieved an overall accuracy of 87.85%, which is higher than the 

TF-IDF bigram model's 84.34%. Precision for positive reviews is notably strong at 0.95, 

while precision for negative reviews is lower at 0.73. The recall for negative sentiment 

is high at 0.86, indicating that the model effectively identifies many negative reviews. 

The F1-scores of 0.91 for positive sentiment and 0.79 for negative sentiment suggest 

that while the model excels at identifying positive reviews, there is room for 

improvement in distinguishing negative sentiment. 
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Table 15 presents the top bigrams that heavily influence sentiment classification. 

 

Table 15 - BOW Bigram top features 
2-gram TF-IDF 

Feature Weight 

Top 

positive 

features: 

 

definitely stay 8.623065 

highly recommend 7.642026 

definitely return 6.373402 

loved hotel 5.878553 

exceeded 

expectations 

5.529761 

highly 

recommended 

5.420604 

definately stay 5.390737 

definitely 

recommend 

5.363169 

great stay 5.339992 

loved stay 5.272289 

Top 

negative 

features: 

 

rooms dated -4.677622 

desperate need -4.739371 

wouldn stay -4.902055 

 service poor -4.918949 

positive note -5.134156 

walls paper -5.278891 

hotel ok -5.944635 

staff rude -6.009758 

 room dirty -6.011174 

worst hotel -6.891394 

 

 

The bigram model identifies several influential word pairs indicative of both positive 

and negative sentiment. For positive reviews, phrases like "loved this," "highly 

recommended," and "great stay" convey strong customer satisfaction. These bigrams 
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encapsulate specific experiences, improving sentiment interpretation. On the negative 

side, phrases such as "not stay," "the worst," and "never again" clearly reflect 

dissatisfaction and serious issues. 

It were detected errors in both positive and negative bigrams, including misspellings 

and awkward phrasing, just like it happen in the TF-IDF bigram and trigram models. 

 

In summary, the BoW bigram model provides a strong overall accuracy of 87.85%, 

outperforming the TF-IDF bigram model's 84.34%. However, compared to the unigram 

model, which achieved an accuracy of 88.37%, the bigram model demonstrates a slight 

trade-off in overall performance. Although it effectively identifies positive sentiment, 

its precision for negative sentiment at 0.73 indicates challenges in distinguishing 

negative reviews accurately. Overall, the bigram model enriches sentiment analysis but 

highlights the need for ongoing refinement through preprocessing techniques. 

 

6.1.6.3 Trigram 
 

The final approach tested involved using trigrams (three-word combinations) with the 

Bag of Words (BoW) model. This method captures more complex word patterns and 

relationships, allowing for a deeper understanding of sentiment by analysing sequences 

of three words.  

 

In Table 16 are displayed the results obtain for this model. 

Table 16 - BOW Trigram metric results 

  3-gram with BOW: 

Accuracy: 83.31%  
precision recall f1-score support 

negative 0.65 0.83 0.73 62241 

positive 0.93 0.84 0.88 169045 

     

accuracy 
  

0.83 231286 

macro avg 0.79 0.83 0.80 231286 

weighted avg 0.85 0.83 0.84 231286 

 

The trigram model achieved an overall accuracy of 83.31%, which is slightly lower than 

both the F-IDF trigram model's 69.70% and the BoW model's (88.37%, 87.85%). While 

the precision for positive reviews remains strong at 0.93, precision for negative reviews 

is lower at 0.65. The recall for negative sentiment is relatively high at 0.83, suggesting 

that the model is effective at identifying many negative reviews, despite the lower 

precision indicating some misclassifications. The F1-scores of 0.88 for positive 

sentiment and 0.73 for negative sentiment highlight the model's strength in recognizing 

positive sentiments, though it still has room for improvement in identifying negative 

sentiments accurately. 

 

Table 17 presents the top trigrams that heavily influence sentiment classification. 
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Table 17 - BOW Trigram top features 
3-gram BOW 

feature weight 

   

 

highly recommend this 2.679296 

 

loved this hotel 2.539063 

stay anywhere else 2.425665 

 

definitely go back 2.127779 

highly recommend it 2.104705 

 

would definitely return 2.068852 

 

were not disappointed 1.944935 

thank you to 1.925516 

will be back       1.915377 

will definitely return 1.840598 

Top 

negative 

features: 

 

not very clean -1.846121 

is the worst -1.983318 

the only good -2.045083 

the only positive -2.067123 

were very disappointed -2.074692 

wouldn stay here -2.370772 

never stay here -2.372575 

of the wors -2.399942 

the worst hotel -2.511214 

was the worst -2.529985 

 

 

 

The trigram model identifies several influential three-word combinations indicative of 

both positive and negative sentiment. For positive reviews, phrases like "highly 

recommend this", "loved this hotel" and "definitely go back" convey strong customer 

satisfaction, encapsulating specific experiences and enhancing sentiment interpretation. 

Conversely, negative phrases such as "is the worst", "never stay here" and "were very 

disappointed" clearly reflect dissatisfaction and serious issues. 

This model also contains multiple errors in the obtained tokens, possible leading to 

future misinterpretations. 

 

In conclusion, the BoW trigram model provides an accuracy of 83.31%, which is lower 

than the BoW unigram model's 88.37% and the TF-IDF trigram model's 69.70%. While 

it effectively captures positive sentiment, the precision for negative sentiment at 0.65 
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indicates challenges in accurately distinguishing negative reviews. Overall, the trigram 

model adds complexity and context to sentiment analysis but similarly to bigger n-gram 

models highlights the ongoing need for refinement through preprocessing techniques.  

 

6.1.7 Comparison between all the models 

Experimenting with different models and comparing their results is a critical step in 

identifying the most suitable approach for solving a particular problem, especially in the 

field of sentiment analysis. Given the wide range of methods available, where each 

offers different strengths and weaknesses, it is essential to conduct thorough 

experimentation to understand how each model captures and interprets sentiment from 

textual data. 

 

In this research, various models and feature extraction techniques were tested and 

compared to determine the best approach for sentiment analysis using logistic 

regression. The experiments focused on BoW and TF-IDF models, with unigrams, 

bigrams, and trigrams being evaluated for their performance in accurately classifying 

reviews. After analysing the results, several key similarities and differences emerged 

between the models, leading to the identification of the most effective one for the task. 

 

The TF-IDF unigram model was identified as the best overall performer, achieving the 

highest accuracy and offering the most straightforward interpretation of results. Since 

interpretability was the primary requirement for this sentiment analysis pipeline, the 

unigram model's simplicity made it the ideal choice. While bigram and trigram models 

capture more context by considering word pairs or triplets, they introduced higher 

complexity without consistently improving performance.  

Although the BoW models followed a similar trend, with unigrams performing the best, 

the TF-IDF approach consistently outperformed BoW in accuracy and precision. The 

simplicity and effectiveness of the unigram TF-IDF model made it superior, balancing 

performance and interpretability. 

Misspelled words and awkward phrasing were found in both the TF-IDF and BoW 

approaches when experimenting with bigrams and unigrams, highlighting the 

importance of implementing further preprocessing techniques such as spell-checking 

and lemmatization. 

 

A significant distinction between the BoW and TF-IDF approaches is in how they assign 

importance to tokens. BoW assigned relatively uniform and smaller weights to words, 

focusing on their presence or absence. This limited the model's ability to distinguish the 

significance of different terms, making it more challenging to identify the key words 

driving sentiment. Conversely, TF-IDF assigned a broader range of weights, reflecting 

both a word's frequency in a specific document and its rarity across the entire corpus. 

While this larger range of weights can sometimes lead to issues like overfitting, where 

rare words may receive disproportionate importance, in this case, it proved 

advantageous. The variation in weights allowed the TF-IDF model to highlight the most 

sentimentally significant words effectively, which was crucial for the analysis. 
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Ultimately, the superiority of the TF-IDF unigram model, not only in terms of 

performance metrics but also in its capacity to emphasize important terms, made it the 

selected method to incorporate in the final pipeline. 

6.2 Multi-document summarization 
 

The development of the multi-document summarization component encountered a 

significant challenge due to the absence of a dedicated dataset containing hotel reviews 

and their corresponding summaries. This limitation restricted the number of models 

possible to test and forced the utilization of a pre-trained model, specifically 

“sshleifer/distilbart-cnn-6-6”, to effectively generate meaningful summaries from 

multiple reviews. It was also necessary to select a relevant dataset that even if not related 

to hotel reviews could be suitable for the task. As already mentioned before, it was 

selected the "multi_news” dataset to be used in the pretraining of the model.  

To make the experiment initially the dataset was processed to ensure that both the input 

documents and their corresponding summaries were formatted appropriately. This 

preprocessing included tokenization, transforming the text into input IDs and attention 

masks that were compatible with the model's requirements. Maximum sequence lengths 

were set to 1024 for input documents and 256 for summaries to facilitate efficient 

processing. 

The model also underwent a fine-tunning process using the Hugging Face Trainer API, 

with specific training parameters established to optimize the model’s performance. The 

training was limited to one epoch to speed up the process, allowing quick testing and 

analysis while managing computational constraints. Although this meant the model had 

less exposure to the training data, it helped establish a baseline for performance and 

identify areas for improvement. 

The batch size was set to one to avoid exceeding memory limits, allowing the model to 

process inputs effectively. To address the downsides of this small batch size, gradient 

accumulation was used, which simulates a larger batch size during training and 

improves stability. 

A learning rate of 5e-5 was chosen based on common practices for fine-tuning 

transformer models. This rate balances speed and stability, helping to avoid 

overshooting the best solutions. Warmup steps were set to 500, gradually increasing the 

learning rate at the beginning of training to stabilize the process as the model adjusted 

to the data. 

To reduce the risk of overfitting, a weight decay of 0.01 was included. Additionally, 

logging was configured to record metrics every 10 steps, providing regular updates on 

the training process and allowing real-time monitoring of loss and performance. Overall, 

these parameters were selected to improve the model’s effectiveness while keeping 

computational efficiency in mind. 

 

However, evaluating the performance of the model presented significant challenges. 

Traditional metrics such as ROUGE or BLEU scores were not applicable for assessing 

the quality of the generated outputs. This limitation hindered direct comparisons 

between the generated summaries and expected outputs. 

To tackle this issue, alternative evaluation methods were implemented. Embedding-

based similarity measures were employed to compare the original texts with their 
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generated summaries, offering insights into the semantic coherence of the outputs. 

Additionally, perplexity was calculated to gauge the naturalness of the generated 

summaries, providing a quantitative measure of how well the model's outputs aligned 

with the training data's distribution. These approaches, while not perfect, offered 

valuable metrics to evaluate the model's performance and guided subsequent iterations 

for improvement. 

The embedding similarity score indicates how closely the generated summary aligns 

with the original reviews. A higher score is desirable, as it signifies that the summary 

effectively captures the main ideas and sentiments of the reviews. In contrast, a low 

embedding similarity score suggests that the summary may not accurately reflect the 

source material[103]. 

The perplexity score measures the coherence and fluency of the generated text. A lower 

perplexity score is preferred, indicating that the summary is more readable and easier to 

understand. Conversely, a high perplexity score can imply that the summary contains 

awkward phrasing or lacks clarity [104].  

 

To evaluate the effectiveness of the summarization model, the top 10 hotels with the 

most reviews from the dataset were selected for testing and the results are presented in 

the Table 18 . 

Table 18 - Summarization Similarity and Perplexity 

Hotel Embedding 
Similarity 

Perplexity 

Affinia Manhattan 0.86 1.10 

Chancellor Hotel on Union Square 0.67 1.09 

Hotel Pennsylvania New York 0.60 1.08 

Hudson New York 0.61  1.07 

New York Marriott Marquis 0.75  1.14  

Park Central 0.45  1.11  

The New Yorker Hotel 0.63  1.12  

The Palmer House Hilton 0.83 1.10 

The Westin New York at Times Square 0.61 1.13  

Waldorf Astoria New York 0.67  1.09  

 

 

The results indicated a mixed performance across the hotels, with embedding similarity 

scores generally reflecting a decent alignment with the original reviews. The embedding 

similarity scores ranged from 0.45 to 0.86, suggesting that while some summaries were 

more aligned with the original content, others showed less coherence. 

Perplexity scores ranged from 1.07 to 1.14, with lower values indicating clearer and 

more understandable summaries. In this group, the model's performance was variable, 

showing that while some hotels had stronger summaries, others did not meet 

expectations. Overall, the model demonstrated some effectiveness in generating 

summaries, but there is clear potential for improvement in certain cases. This 

improvement could be achieved by training the model with a more specific dataset 
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focused on hotel reviews, which would better tailor the summaries to the nuances of this 

particular domain. 

6.3 FeedbackFunnel - The Reviews Generation Model 
 

 

After conducting tests and evaluations on each individual component, the pre-trained 

BART model was selected for multi-document summarization, and the logistic 

regression with TF-IDF unigram features was employed as the model for sentiment 

analysis.  

Evaluating the FeedbackFunnel's performance was a hard task to accomplish because, 

similar to the summarization component, the obtained output was only a text summary. 

The performance assessment was divided in two steps. The first one was a quality 

assessment to verify if the result made sense in the context of the hotel, if the phrases 

were well structure and did not contain a lot of errors: the second was a comparison 

between the results obtained with the FeedbackFunnel and in the summarization 

component. Both tasks had to be done review by review, making it a highly manual and 

subjective process. 

Attachment A provides the results obtained for a sample of hotels in both the 

summarization component and the FeedbackFunnel, as well as an evaluation done to 

each of them. The results revealed that the FeedbackFunnel model had both strengths 

and areas for improvement. An example for one of the hotels is presented in Table 19. 

 

Table 19 - FeedbackFunnel single hotel results and evaluations 
 

Hotel Summarization 

Component Results 

Model Results Evaluation 

Affinia 

Manhatta

n Hotel 

– The Affinia Manhattan 

Hotel in New York City 

is located just a few 

blocks from Times 

Square, and it's a great 

place to get on the 

subway. The hotel's 

entrance and lobby are "a 

bit old fashioned but not 

in a bad way," says one 

reviewer. Most of the 

hotel was upgraded but 

the lobby maintains a 

sense of "Old New York" 

which I happened to 

love. Even the elevators 

have the original brass 

doors that were installed 

The Affinia Manhattan hotel 

in New York City is a little 

less than a mile away from 

Times Square, but it's not a 

bad hotel. The hotel is located 

just a few blocks from 

Macy's, Zara, Mango, and 

H&M, and is only a little 

walk away from the Times 

Square. "I would never stay at 

an Affina again after this 

experience (I've been 

traveling to NYC over 20 

years). The rooms are very 

modern and have an upbeat 

atmosphere. Because this is 

an older building, the rooms 

are larger than any other hotel 

Evaluation: Good 

performance: The model 

captures both the positive 

aspects and introduces a 

strong negative sentiment, 

even when the overall tone 

might seem positive. 

However, both models 

captured key points like 

the old-fashioned lobby, 

spacious rooms, and small 

bathroom. 

The model has generally 

correct phrasing but could 

get some minor changes to 

make the text more natural 
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back in the early 1900s. 

The rooms are very 

modern and have an 

upbeat atmosphere. 

Because this is an older 

building, the rooms are 

larger than any other 

hotel room I've stayed at 

in NYC. The only 

negative comment I have 

is the bathroom is a bit 

on the small side; but it 

wasn't that big a deal. I 

definitely cannot wait for 

my next stay at the 

Affinia. 

room I've stayed at in NYC." 

The hotel entrance and lobby 

are a bit old fashioned but not 

in a bad way. Most of the 

hotel was upgraded but the 

lobby maintains a sense of 

"Old New York," which I 

happened to love. Even the 

elevators have the original 

brass doors that were 

installed back in the early 

1900s. The only negative 

comment I have is the 

bathroom is a bit on the small 

side, but "it wasn't that big a 

deal." 

 

 

As previously mentioned, the primary goal for the dissertation was to create a system 

that provided helpful insights to hotel owners, these insights needed to grouped 

information about what made the costumers happy and unhappy, so they could improve 

over time. To be able to achieve this, it was mandatory that even when the majority of 

reviews reflected a positive sentiment, the summary included the negative aspects 

pointed by the customers.  

The summaries obtained when using the FeedbackFunnel captured both the good and 

bad aspects mentioned about each hotel, even when the general sentiment tended in one 

direction. On the other hand, the summaries obtained with the summarization 

component while clear and concise often only displayed the general sentiment, 

overlooking the negative feedback when the overall sentiment was positive.  

Both models were effective in capturing key points about the hotels, but the 

FeedbackFunnel proved to be superior by capturing a broader range of sentiments. 

 

However, certain aspects of the FeedbackFunnel required enhancement. While the 

BART model and the summarization component performed well together, there were 

certain instances of phrasing in the BART model that need to be improved to allow more 

clarity and naturalness. In particular, it had redundant text and irrelevant details, such as 

numerical scores in some outputs, that took away from overall coherence. Furthermore, 

problems like shortened sentences were observed in both models, but more prominent 

in the FeedbackFunnel, suggesting that improvements in wording and structural 

coherence are required. This might be caused by the fact that the training set of the 

model contained sentences that were shorter than the lengthier, more intricate reviews 

found in the tests. Using a customized dataset of hotel reviews and summaries to train 

the model could significantly improve this problem. 

 

In conclusion, although the BART model shown promising results by capturing the dual 

perspective of the hotel experiences well, must be improved in terms of sentence 

coherency. It is necessary to resolve problems such as random truncation, word errors, 

irrelevant details, and redundancy. To optimize the model's performance and usefulness 
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for hotel owners it will be necessary to perform more training but this time with dataset 

tailored to the problem. 
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7  Conclusion 

This final chapter presents a summary of the developed work and synthesizes the main 

results obtained. Additionally, it revisits the initial goals and evaluates the extent to 

which they were achieved. Based on these results and objectives, some final remarks are 

drawn. The chapter also addresses the limitations encountered during the project and 

suggests possible future developments and improvements. 

7.1 Summary and Contributions 
 

In an era where analysing the market and understanding customer needs are vital for 

business success, the overwhelming influx of customer feedback and the dispersed nature 

of information within reviews create significant challenges. The current study focused 

on the development of the FeedbackFunnel model that simplified the analysis of this 

feedback and provided insightful information to hospitality industry businesses. 

 

In this context, the following main goals were defined in the section 2.3: 

   

• O1 – Investigate the current state of the art of sentiment analysis of topic 

classification. 

• O2 – Investigate the current state of the art of text generation. 

• O4 – Investigate the current state of the art of systems encompassing 

sentiment analysis, topic categorization, and text generation. 

• O5 – Develop and Evaluate a Model for Generating Summaries. 

• O6 – Create a user-friendly interface for businesses. 

• O7 – Improve the sentiment and topic analysis models results. 
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The initial part of the dissertation focused on the first four goals, by finding similar 

projects and exploring suitable methods for the sentiment analysis, topic classification 

and text summarization tasks. This allowed the identification of modern models such as 

VADER, BERT and BART, as well as more traditional approaches like logistic 

regression, to incorporate into the model pipeline. 

With a solid foundation established for potential approaches, experiments were 

conducted across multiple models, allowing for the identification of key components of 

the model, and progressing towards goal O5. 

The pipeline was ultimately structured around three main components: sentiment 

analysis, feature synthesis, and multi-document summarization, which together 

transform raw review data into actionable insights, that provide a comprehensive and 

concise overview of customer feedback. 

Initially, it was considered necessary to include a fourth element for topic classification 

to identify the most relevant topics. However, this component was later eliminated by 

selecting logistic regression as the chosen model for sentiment analysis. The second 

component, Feature Synthesis for Sentence Creation, involved aggregating and 

summarizing significant features identified during sentiment analysis into coherent 

sentences. 

Another modification from the initial planning was the substitution of the text generation 

component with a summarization component, specifically a multi-document 

summarization approach, due to the large volume of reviews. This last component was 

the one that faced the biggest challenge because there were no available datasets 

containing hotel reviews and their corresponding summaries. This limitation required the 

selection of the pre-trained model, 'sshleifer/distilbart-cnn-6-6', which was trained with 

the “Multi-News” dataset. While this dataset is not related to the hospitality industry, it 

was still suitable for the task. 

Each component was individually tested, with specific models undergoing fine-tuning to 

optimize their performance, in line with the goal O7. 

The first component to be tested was the one in charge of executing the sentiment analysis 

task. For it various models and feature extraction techniques were tested and compared 

to determine the best approach while using logistic regression. The experiments focused 

on Bag-of-Words and Term Frequency-Inverse Document Frequency models, evaluating 

unigrams, bigrams, and trigrams for their performance in accurately classifying reviews. 

After analysing the results, the TF-IDF unigram model was identified as the best overall 

performer, achieving the highest accuracy and offering the most straightforward 

interpretation of results. Since interpretability was the primary requirement for this 

sentiment analysis pipeline, the simplicity of the unigram model made it the ideal choice. 

Next it was the multi-document summarization component, it underwent fine-tuning to 

optimize the performance with specific training parameters adjusted having in mind the 

computational resources available. Evaluating this model’s performance proved to be 

quite challenging because the results were textual, and traditional metrics could not be 

used. Instead, were utilized embedding-based similarity measures and perplexity 

calculations to assess the output quality and coherence. 

Finally, the FeedbackFunnel model was tested, which revealed itself to be a difficult task 

to perform because, again, there were no summaries available in a datset to compare with 

the results. So, the model's performance was assessed by comparing its results with those 

obtained from running the summarization component in isolation. 
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The FeedbackFunnel model proved to be superior to the isolated component by 

effectively captured both positive and negative aspects mentioned regarding each hotel, 

even when the general sentiment leaned in one direction. However, it also displayed 

some problems, such as incorporating numerical scores, acquired from the Feature 

Synthesis for Sentence Creation component, along with some word errors and awkward 

phrasing. To improve the model's effectiveness and utility for hotel owners is necessary 

to do more training with a dataset tailored to this specific domain. 

 

In summary, the FeedbackFunnel performed well and most of the initially set goals were 

accomplish, despite some modification along the way. The only remaining objective is 

O6, which involves creating a user-friendly interface for businesses, an important next 

step to enhance the overall user experience. 

7.2 Limitations 
 

During the development of this study multiple limitations were found while executing 

different tasks. The most significant limitation observed was the lack of computational 

resources. For instance, during the sentiment analysis task, it was possible to use the 

entire dataset, albeit at a time-consuming pace. In contrast, the summarization task faced 

limitations that made it difficult to execute effectively. The fine-tuning of models had a 

lot of restrictions due to these computational constraints. 

Additionally, hyperparameter optimization proved to be an extremely complex and time-

consuming process. The need to consider multiple parameters resulted in prolonged 

simulations, with some taking more than a week to complete. This time limitation 

significantly restricted the scope of testing and the ability to thoroughly explore the 

available hyperparameter space.  

For example, training was done with just one epoch to speed up testing and establish a 

baseline for performance, yet this reduced the model's exposure to the data. It was also 

necessary to use a small batch size to avoid memory issues, as a workaround was utilized 

gradient accumulation to simulate larger batches. 

These limitations affected the model’s potential and forced changes to the original plan. 

With better computational resources, the model would perform better, and the time 

needed for testing and fine-tuning would be much shorter. 

Another significant limitation was related to the dataset itself. The dataset selected and 

used for the sentiment analysis task required extensive preprocessing caused by 

inconsistencies. Although it was described as only containing reviews in English, more 

than 10 different languages were found, which led to a time increase to start the actual 

implementation. Moreover, the dataset was imbalanced, with a far greater number of 

positive reviews compared to negative ones, and a undersampling technique had to be 

applies to address the issue. 

Also related to the dataset, an extra challenge encountered was the lack of a dataset 

specifically for the hospitality industry that included both reviews and summaries. 

This made the summarization task harder, leading to the use of a pre-trained model 

trained with a news dataset. While this gave allowed the obtention of results, it also 

caused problems, some sentences were cut off because the news articles used for training 
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were shorter than the hotel reviews, leading to poorly structured sentences and occasional 

syntax errors. 

7.3 Future Work 
 

Even after getting some good results with the developed solution there are still some 

improvements that could be implemented o enhance its effectiveness. 

 

First, while using logistic regression and TF-IDF for sentiment analysis, it is important 

to implement additional preprocessing techniques, such as spell-checking and 

lemmatization, to minimize the occurrence of incorrect words in the model's output. 

Next, the sentence creation component could be enhanced by utilizing a pre-trained 

model to generate sentences, updating the current rigid and simplistic structure. This 

would allow for more natural and varied sentence formations, improving the overall 

quality of the output. 

 

Regarding the summarization component, it is crucial to either find or develop a dataset 

specifically designed for the hospitality industry that can be used to train the pre-trained 

model. Alternatively, it could also be created a model from scratch to deal with the 

current problems and achieve better summarization results tailored to hotel reviews. 

 

In addition, exploring new performance metrics to evaluate the FeedbackFunnel would 

be highly beneficial. The current evaluation methods utilized in the study involved 

manual analysis alongside two metrics: similarity scores and perplexity. However, 

existing research suggests that perplexity may not be the most reliable measure for this 

application. Therefore, further investigation is needed to identify more effective ways to 

assess the quality of the generated text results. 

 

Finally, it could be created an intuitive interface for businesses, as goal O6 mentioned. 

This interface could, for example, simplify the process of uploading reviews, possibly 

using an Excel format, which would enhance accessibility for business owners. 

Furthermore, the interface could include a dashboard that shows important metrics and 

visuals, helping business owners quickly understand sentiment trends and performance. 
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Attachment A 

FeedbackFunnel results: 
 

Table 20 – Sample of FeedbackFunnel results and evaluations 
Hotel Summarization 

Component Results 

Model Results Analysis 

Affinia 

Manhatta

n Hotel 

– The Affinia Manhattan 

Hotel in New York City 

is located just a few 

blocks from Times 

Square, and it's a great 

place to get on the 

subway. The hotel's 

entrance and lobby are "a 

bit old fashioned but not 

in a bad way," says one 

reviewer. Most of the 

hotel was upgraded but 

the lobby maintains a 

sense of "Old New York" 

which I happened to 

love. Even the elevators 

have the original brass 

doors that were installed 

back in the early 1900s. 

The rooms are very 

modern and have an 

upbeat atmosphere. 

Because this is an older 

building, the rooms are 

larger than any other 

hotel room I've stayed at 

in NYC. The only 

negative comment I have 

is the bathroom is a bit 

on the small side; but it 

wasn't that big a deal. I 

definitely cannot wait for 

my next stay at the 

Affinia. 

The Affinia Manhattan hotel 

in New York City is a little 

less than a mile away from 

Times Square, but it's not a 

bad hotel. The hotel is located 

just a few blocks from 

Macy's, Zara, Mango, and 

H&M, and is only a little 

walk away from the Times 

Square. "I would never stay at 

an Affina again after this 

experience (I've been 

traveling to NYC over 20 

years). The rooms are very 

modern and have an upbeat 

atmosphere. Because this is 

an older building, the rooms 

are larger than any other hotel 

room I've stayed at in NYC." 

The hotel entrance and lobby 

are a bit old fashioned but not 

in a bad way. Most of the 

hotel was upgraded but the 

lobby maintains a sense of 

"Old New York," which I 

happened to love. Even the 

elevators have the original 

brass doors that were 

installed back in the early 

1900s. The only negative 

comment I have is the 

bathroom is a bit on the small 

side, but "it wasn't that big a 

deal." 

 

Evaluation: Good 

performance: The model 

captures both the positive 

aspects and introduces a 

strong negative sentiment, 

even when the overall tone 

might seem positive. 

However, both models 

captured key points like 

the old-fashioned lobby, 

spacious rooms, and small 

bathroom. 

The model has generally 

correct phrasing but could 

get some minor changes to 

make the text more natural 

 

Chancello

r Hotel on 

Union 

Square 

The Chancellor Hotel in 

San Francisco is one of 

the most affordable 

hotels in the US, but it's 

 The Chancellor Hotel in San 

Francisco is a boutique hotel, 

and it's a great place to stay. 

The hotel is located on Union 

Evaluation: Good 

performance: The model 

effectively captures both 

the positive aspects 
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also a great place to stay. 

The hotel is located just a 

block from Union 

Square, and it's a "safe 

bet" for business or 

exploring the city, says a 

local real estate agent. 

"You can use public 

transportation to many 

locations throughout San 

Francisco so a car is not 

necessary and more 

costly," he writes. "The 

hotel is old, but the 

rooms have been 

renovated, and so they 

are comfortable. My 

room was very quiet, but 

I think I was lucky with 

my neighbors, because 

you could occasionally 

hear the person next door 

coughing. The location is 

great. The bathroom is 

very small, and the 

layout is not great for 

such a small size. The 

stuff is very friendly and 

efficient. This place is a 

jewel for the price." 

Square and has the best rates 

and valet, reports the San 

Francisco Chronicle. It's 

located about a block away 

from the city's main shopping 

district, and the rooms are 

"crowded and comfortable," 

says the hotel's owner. "The 

rooms are cozy and 

comfortable. I know it is a bit 

on the small side in regards to 

bathroom space, but overall 

the Hotel's historical charm 

makes up for the tight spaces. 

I believe it is reasonably 

priced for the area and I will 

continue to patronize the 

Hotel." 

(affordability, location) 

and negatives (cramped 

rooms, small bathrooms), 

providing a balanced 

summary. However, it is a 

bit repetitive so removing 

redundant phrasing would 

improve it. 

Hotel 

Pennsylva

nia New 

York 

If you're looking for a 

romantic getaway, check 

out the Penn 500 Hotel in 

New York City, where 

you can book a room for 

$80 a night, or $350 a 

night. That's the price 

you'd expect to pay for, 

but you'll probably want 

to spend the rest of the 

night in a different hotel, 

the New York Daily 

News reports. The hotel, 

which has 500 empty 

rooms, is "one of the 

cheaper options in NY, 

but is in a brilliant 

location," according to 

If you're looking for a 

romantic getaway, or are 

looking for plush comforts 

this is not a good fit for you. 

The Penn 500 Room in New 

York City is a $350-per-night 

hotel with 500 empty rooms, 

but the front desk girl at the 

hotel was "extremely rude 

and wouldn't let us check into 

the room," the New York 

Daily News reports. "We 

were stranded in manhattan 

and really needed a place to 

stay although since we made 

our reservations online she 

said we couldn't check in. I 

used to work at a hotel and 

Evaluation: Bad 

performance: The model 

captures both the positive 

and negative aspects well 

but it contains irrelevant 

numeric scores (e.g., 

"great (8.51)") that harms 

clarity and coherence. The 

sentences are also 

truncated, and refining 

them would be important 
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the Daily News. "Our 

toilet overflowed and we 

called for service, then 

left for dinner and a 

show. Upon return they 

had delivered clean 

towels, but the bathroom 

was still out of order. I 

called the front desk 

again and they 

immediately sent 

maintenance and the 

houseman to 

plunge/clean and 

disinfect. Breakfast cafe 

was $$$ Would we stay 

again? Maybe. Maybe." 

was extremely confused by 

the rude service and not 

disappointed that even tho the 

hotel had 500 full rooms they 

couldn't let them check into 

ours." The hotel received 

positive feedback for its great 

(8.51), loved (7.98), perfect 

(789), highly (77.57), 

excellent (6.31), and yes, 

"amazing" (5.83), spotless. 

But "there were concerns 

about the horrible" room, and 

"the heater made a terrible 

noise and water was dripping 

to the carpet, hence the 

horrible smell. Went down 

again and was given a third 

room that was really 

unacceptable, loud and dirty. 

Will be staying at this hotel 

on our 

Hudson 

New York 

 The Hudson Hotel in New 

York City is a "fantastic" 

restuarant, with a glass-flored 

bar, and sky terrace all not 

available, the New York 

Daily News reports. "It's 

trying to be modern with 

escalators in and a great 

chandelier and dark reception 

but with scratched paint, 

peeling walls, and too small 

bedrooms it doesn't live up to 

the price tag," the hotel's 

owner tells the Daily News. 

It's also extremely noisy—

there appeared to be some 

sort of club/nightclub at the 

back to the late hours and I 

had to wear earplugs even 

when reading. "Unfortunately 

while we were there 

everything was pretty much 

closed for refurbishment, not 

great for New York Xmas 

time," the owner says. The 

hotel received positive 

Evaluation: Bad 

performance: The model 

effectively captures the 

negative tone but contains 

again the numerical scores 

(e.g., "excellent (6.43)"). 

The sentences are also 

truncated, and refining 

them would be important 
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feedback for its great (8.51), 

loved (7.98), perfect (789), 

highly (757), excellent 

(77.57), and excellent (6.43), 

pleased (633). However, there 

were concerns about the 

horrible (618), ok (622), tiny 

(659), terrible (642), dated 

(641), average (742), poor 

(731), and dirty (858 

Waldorf 

Astoria 

New York 

The Waldorf Astoria in 

New York City is a must-

see for the holiday 

season, but it's not the 

only luxury hotel in the 

city. The hotel is "on a 

new scale" and "on the 

new scale," according to 

the New York Daily 

News, which has a 

review of the hotel's 

rooms. "The amount of 

hotels that rub shoulder 

to shoulder with Waldorf 

is large and I would 

strongly recommend 

reviewing your options 

before booking," the 

review reads. "We were 

upgraded to a superior 

double on the 20th floor. 

It was very quiet with no 

street or noise. However, 

during the day, the maid 

service could be heard 

talking loudly inthe 

hallway. The room and 

bathroom was quite small 

compared to today's 

standard of luxury hotels. 

The hallways featured 

interestng photos of 

guests from JFK, Nixon, 

and Frank Sinatra. If you 

can place yourself back 

in time, you can enjoy 

your stay here, otherwise 

it would be better to stay 

The Waldorf Astoria Hotel in 

New York City has been 

shuttered for hours, and the 

hotel has been criticized for 

its lack of customer service, 

the New York Daily News 

reports. "The hotel is out to 

make money off every single 

opportunity, which is not 

what a iconic hotel should be 

aiming for," the hotel's 

website says. "Bak to the 

customer service when 

leaving the main exit was 

closed, preparing for a 

function, instead had porters 

teer a number of our bags 

down a side street to 

Lexington Avenue, where the 

doorman found a cab for us to 

leave the hell hole!" The 

hotel is "out of the shoulder 

to shoulder with Waldorf is 

large and I would strongly 

recommend reviewing your 

options before booking," the 

owner of the hotel tells the 

Daily News. "I just wanted to 

share that Mary in the 

Diamond Reception was 

amazing." 

Evaluation: Good 

performance: The model 

captures both positive and 

negative elements, it 

focusses more heavily on 

the negative than the 

summarization one. The 

sentences are redundant, 

and the quality of the 

phrasing can be better. 
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at a newer hotel with 

current expected space 

and ammenities. But at 

least paying at least $1 a 

month before paying alot 

the other hotels we have 

patronized in the past." 

Park 

Central 

The New York Times 

has a list of the worst 

hotels in the city, and it's 

not the only one you've 

ever stayed at. The Times 

has the complete list, 

which includes the 

"shabby, right down to 

the ugly gold curtains 

behind the reception 

desk" and "the smell of 

stale smell in our 

hallway," and the "very 

obvious stains on the 

wallpaper and I got the 

feeling that the whole 

place needed a thorough, 

deep cleaning. Ugh, 

however, i must say there 

was a shining star in this 

experience. Joe, the 

wonderful, kind, efficient 

and thoughtful bellman 

who helped me navigate 

some complicated 

arrangements on several 

occasions during our 

stay....keep in mind we 

were here only one night. 

He has been with the 

hotel for 31 years and he 

is a superstar. If you get a 

chance, ask for Joe. He 

made the difference. I 

would also like to 

compliment the bartender 

in the lobby bar, Johnny, 

who was efficient and 

went out of his way to 

accommodate my check-

in process. With all the 

The New York Times has a 

list of the best hotels in the 

city, and here's what you need 

to know about them: Park 

Central Hotel in Manhattan, 

which is located two blocks 

north and south of the Times 

Square, is a "shabby, right 

down to the ugly gold 

curtains behind the reception 

desk," reports the Times. "We 

booked this hotel through 

Priceline; never tried the 

Priceline service before so we 

didn't know what to expect or 

what hotels we would get. 

This hotel was rated as 3.5 

stars in their system. In my 

opinion it warrants 2 stars at 

the max. The service for the 

most part was just not there. I 

waited on the phone for 

several minutes at least two 

times trying to speak with 

someone in reception or at the 

bell station. I finally gave up 

and went to the lobby to get 

help. I understand there is a 

large renovation about to 

happen and it couldn't happen 

soon enough. I hope the new 

hotel management knows 

how lucky they are to have 

staff members like Joe and 

Johnny. They should be 

recognized and appreciated." 

Evaluation: Good 

performance: The model 

captures both positive and 

negative aspects well even 

when the overall sentiment 

is negative, which is good 

is very positive. 

The phrasing could be 

improved. 
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options available today in 

NYC, I will NEVER stay 

at Park Central again. I 

hope the new hotel 

management knows how 

lucky they are to have 

staff members like Joe 

and Johnny. They should 

be recognized and 

appreciated for their 

extraordinary 

The New 

Yorker 

Hotel 

The New York City hotel 

where you're staying in 

the wake of Hurricane 

Sandy is a great place to 

stay, writes Elizabeth 

Wilson at the Daily 

Beast. "The hotel is 

perfect for a city break. 

Clean, perfect location 

and the staff is second to 

none. It is most friendly 

and welcoming 

especially Angel the 

receptionist who 

searched and ensured we 

got the best rooms 

possible. All other staff 

couldn't do enough for 

us. Well impressed. This 

includes the diner 

attached again with fab 

staff and very decent 

food," writes Wilson. "In 

short, for a very 

enjoyable stay in NYC 

this hotel is highly 

recommended." Click for 

Wilson's full column. 

The New York Times has a 

list of the best and worst 

hotels in the city. The Times 

Square Hotel in New York 

City is a 5-minute walk to 

Macy's and 15 minutes to 

Times Sq, and the Empire 

State Building, according to a 

Tripadvisor review. The hotel 

is "perfect for a city break. 

Clean, perfect location and 

the staff is second to none. It 

is most friendly and 

welcoming especially Angel 

the receptionist who searched 

and ensured we got the best 

rooms possible. All other 

staff couldn't do enough for 

us. Well impressed. This 

includes the diner attached 

again with fab staff and very 

decent food." 

Evaluation: Good 

performance. The model 

provides a well-balanced 

summary with a slight 

emphasis on the positive 

aspects. The phrasing is 

clear, and there are no 

significant issues with 

sentence structure. 

The 

Palmer 

House_Hi

lton 

When Virginai Beeson 

and her fiance got 

engaged in Chicago, they 

decided to spend the 

day/night in the city to 

celebrate. Beeson called 

a day in advance to make 

reservations at the 

Palmer House Hilton to 

When Virginai Beeson and 

her fiance got engaged in 

Chicago last week, they 

decided to spend the 

day/night in the city to 

celebrate. So when they 

arrived at the Palmer House 

Hilton to check in, they were 

told they had no record of 

Evaluation: Mixed 

performance. The model 

mainly captures a negative 

tone  more positive points 

could be included. Some 

sentences feel truncated, 

and refining them would 

be important  



 

86 

 

make sure she got the 

correct room. When she 

was told there were no 

king beds available, she 

told the lady she would 

make reservations 

elsewhere and she 

promptly offered that the 

720 Hilton Chicago had 

what we were looking for 

so she took all my 

information and said we 

could check in any time 

after 3pm. After over an 

hour train ride, Beeson 

arrived to check-in just 

after 3 to be told they 

have no record of my 

reservation. The 

gentleman at the front 

desk tried very hard to 

help us, calling Palmer 

House to see if there had 

been a mistake but 

multiple people he spoke 

with told him the same 

thing, no record. He then 

offered to honor the rate 

we were given and treat 

us as walk-ins, at which 

point he asked for a 

credit card and I realized 

it had been left behind. I 

offered to have my 

fiancés sister call with 

the credit card info but he 

told me they couldn't 

take it over the phone, 

(which the lady I made 

reservations with had no 

problem with). After 45 

their reservation. Beeson 

called a day in advance to 

make reservations elsewhere, 

and she promptly offered that 

the 720 Hilton Chicago had 

what we were looking for so 

she took all my information 

and said we could check in 

any time after 3pm. After 

over an hour train ride we 

arrived to check-in just after 3 

to be told they have no 

record. The gentleman at the 

front desk tried very hard to 

help us, calling Palmer House 

to see if there had been a 

mistake, but multiple people 

he spoke with told him the 

same thing, no record, and he 

then offered to honor the rate 

we were given and treat us as 

walk-ins, at which point he 

asked for a credit card and I 

realized it had been left 

behind. I offered to have my 

fiancés sister call with the 

credit card info but he told 

me they couldn't take it over 

the phone, (which the lady I 

made reservations with had 

no problem with). After 45 

minutes of trying to figure 

this out we left 

 

 


