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9 ABSTRACT 

Service quality is a critical factor in the hospitality industry, where customer satisfaction 

directly influences business performance. With the growing use of online review 

platforms like TripAdvisor, vast amounts of customer feedback are available for analysis. 

This study aims to develop a data-driven framework that integrates text mining techniques 

with the SERVQUAL model to evaluate and improve service quality in the hospitality 

sector. Using 20,491 TripAdvisor reviews from Kimpton Hotel Monaco Seattle, the study 

applies a multi-stage methodology: data preprocessing, sentiment analysis using 

DistilBERT, topic modeling via Latent Dirichlet Allocation (LDA), keyword extraction 

with TF-IDF, and SERVQUAL dimension mapping using BERT embeddings and cosine 

similarity. The SERVQUAL model’s five dimensions Tangibles, Reliability, 

Responsiveness, Assurance, and Empathy are used to categorize and interpret customer 

concerns. The results show that Tangibles and Responsiveness are the most frequently 

mentioned dimensions, with both positive and negative sentiments, suggesting these areas 

are key to customer satisfaction. In contrast, Empathy and Assurance are less discussed, 

possibly indicating satisfactory performance or lower customer expectations. This 

research contributes to Industrial Engineering by combining natural language processing 

(NLP) with quality management frameworks to support data-driven service 

improvements. The proposed framework enables hospitality managers to identify service 

gaps, prioritize improvements, and make informed operational decisions based on 

customer sentiment. 

Keywords: Customer Feedback, Hospitality Industry, Industrial Engineering, Machine 

Learning, Natural Language Processing, Sentiment Analysis, Service Quality, 

SERVQUAL, Text Mining.
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1. CHAPTER I   

INTRODUCTION 

1.1 Background 

The hospitality industry plays a vital role in global economic development, with hotels 

serving as key centres for tourism and business travel. High-quality service is essential 

for fostering customer satisfaction, which drives guest loyalty, positive word-of-mouth, 

and revenue growth. Hotels must deliver exceptional experiences such as clean facilities, 

prompt service, and empathetic staff interactions to meet or exceed guest expectations. 

Poor service quality, however, can lead to negative reviews on platforms like 

TripAdvisor, damaging reputation and profitability. Industrial Engineering principles, 

emphasizing system optimization, highlight the need for structured methods to enhance 

service delivery and guest experiences in hospitality (Parasuraman, 1988). 

Kimpton Hotel Monaco Seattle was selected as the case study due to the 

availability of a comprehensive dataset of 20,491 customer reviews on TripAdvisor. This 

hotel represents a typical mid-sized hospitality business facing various service quality 

challenges, making it an ideal candidate for analyzing service quality gaps using text 

mining techniques. The large volume of feedback available also allows for a nuanced 

understanding of customer experience, enabling a detailed analysis of both positive and 

negative sentiments across key service dimensions. Additionally, future research could 

extend this framework to other hotels, regions, and types of hospitality businesses such 

as resorts or restaurants, assessing whether the identified service quality gaps are 

consistent across different settings. 

Advancements in natural language processing (NLP) have revolutionized the 

analysis of customer feedback in hospitality. Techniques like sentiment analysis, enabled 

by models such as DistilBERT, allow hotels to process large volumes of unstructured 

data, such as online reviews, to identify guest sentiments and preferences efficiently. 

These methods provide scalable, real-time insights, automating the analysis of feedback 

to uncover issues like room cleanliness or staff responsiveness. This aligns with Industrial 

Engineering’s focus on operational efficiency, enabling hotels to optimize service 
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systems and enhance guest satisfaction through data-driven decisions (Victor Sanh, 

2019). 

The SERVQUAL framework, a cornerstone for assessing service quality, 

evaluates gaps between customer expectations and perceptions across five dimensions: 

Tangibles, Reliability, Responsiveness, Assurance, and Empathy (Parasuraman, 1988). 

By identifying deficiencies such as outdated facilities or slow service responses 

SERVQUAL guides targeted improvements. Integrating this framework with text mining 

enhances its ability to handle unstructured feedback, such as TripAdvisor reviews, by 

mapping sentiments to these dimensions. This approach creates a robust, systematic 

method for analyzing qualitative data, supporting Industrial Engineering’s goal of 

optimizing service processes through structured quality assessment. 

Challenges persist in analyzing hospitality feedback effectively. Manual methods, 

like survey reviews, are labor-intensive and struggle to process the volume and 

complexity of unstructured data from digital platforms. These methods often miss 

nuanced sentiments, such as sarcasm or mixed emotions, leading to incomplete insights. 

Additionally, feedback systems are frequently disconnected from actionable service 

improvement strategies, limiting their impact. Industrial Engineering principles advocate 

for automated, integrated systems to address these inefficiencies, ensuring real-time 

responsiveness to guest needs (Victor Sanh, 2019). 

Current research underscores the need for integrating text mining with service 

quality frameworks like SERVQUAL to address these challenges. While text mining 

excels at extracting patterns from reviews, it often lacks structured interpretation without 

frameworks like SERVQUAL. By combining DistilBERT for sentiment analysis and 

SERVQUAL for quality assessment, this study proposes a data-driven framework to 

systematically analyze customer feedback, offering actionable insights for hospitality 

managers. This approach advances Industrial Engineering’s focus on system optimization 

by bridging the gap between unstructured data analysis and structured service quality 

evaluation (Parasuraman, 1988). 

1.2 Problem Formulation 

The hospitality industry deals with significant challenges in effectively analyzing 

customer feedback to enhance service quality. Online review platforms, such as 

TripAdvisor, generate vast amounts of unstructured data, including customer reviews, 
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ratings, and comments. This feedback provides invaluable insights into guest satisfaction, 

but the sheer volume and complexity of this data make it difficult for hotels to process 

manually. Traditional methods, such as surveys or direct interviews, are labor-intensive 

and fail to capture the nuances of customer experiences that can vary widely across 

individual guest interactions. 

Existing methods of service quality evaluation often struggle to address the 

dynamic, real-time nature of feedback from digital platforms. Moreover, they do not 

effectively capture mixed sentiments or sarcasm, which are common in customer reviews. 

The integration of text mining techniques with the SERVQUAL framework offers a 

potential solution to these challenges by enabling the systematic extraction of insights 

from large volumes of unstructured data. 

This study seeks to answer the following research questions: 

1. How can text mining techniques, such as sentiment analysis and topic modeling, 

be integrated with the SERVQUAL framework to systematically analyze 

unstructured customer feedback in the hospitality industry? 

2. What are the key customer pain points and sentiments in hotel reviews, and how 

do they align with the SERVQUAL dimensions (Tangibles, Reliability, 

Responsiveness, Assurance, and Empathy)? 

3. How can insights from text mining and SERVQUAL mapping provide actionable 

recommendations for service quality improvement in the hospitality industry? 

4. What are the limitations of the integrated approach, and how can these be 

addressed to enhance the efficiency of customer feedback analysis? 

1.3 Research Objectives  

The primary objective of this study is to develop a data-driven framework that integrates 

text mining techniques with the SERVQUAL model to enhance the analysis of customer 

feedback and improve service quality in the hospitality industry. The specific objectives 

of this research are to: 

1. Identify recurring customer pain points and sentiments in unstructured feedback 

using advanced text mining techniques (e.g., sentiment analysis, topic modeling, 

keyword extraction). 



 

  4 

 

2. Analyze the gaps in service quality by mapping customer feedback to the five 

SERVQUAL dimensions: Tangibles, Reliability, Responsiveness, Assurance, and 

Empathy. 

3. Develop an integrated feedback analysis process that automates the mapping of 

customer feedback to the SERVQUAL dimensions using text mining outputs, 

enabling efficient, real-time service quality assessment. 

4. Evaluate the potential impact of the proposed framework on service quality 

improvement, focusing on actionable recommendations for hotel managers to 

optimize their service delivery systems. 

1.4 Benefits of research  

This study offers significant benefits for both academic research and practical application 

in the hospitality industry: 

1. Benefits for the Case Study (Hotel): 

• Enables efficient and automated analysis of large-scale customer feedback, 

reducing the time and effort required for manual analysis. 

• Integrates the SERVQUAL framework with advanced text mining techniques to 

provide a structured, data-driven approach to evaluating service quality. 

• Offers actionable insights and recommendations for continuous improvement in 

customer satisfaction, enabling hotel managers to prioritize service enhancements 

based on real-time feedback. 

2. Benefits for the Researcher: 

• Advanceds knowledge in the field of Industrial Engineering, particularly in 

applying data science to optimize service quality processes in hospitality. 

• Provides valuable experience in applying text mining, natural language processing 

(NLP), and machine learning techniques to real-world business problems. 

• Contributes to academic literature on service quality and customer feedback 

analysis, specifically in the context of the hospitality industry. 

1.5 Research Limitations 

While this study provides valuable insights into service quality in the hospitality industry, 

several limitations must be acknowledged: 

1. Data Scope: The analysis is limited to customer reviews from TripAdvisor for 

Kimpton Hotel Monaco Seattle, which may not fully capture the diversity of guest 
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experiences across other platforms or hotel types. Future research should consider 

incorporating reviews from other sources such as Google Reviews or Expedia to 

expand the dataset. 

2. Focus on SERVQUAL Dimensions: This study considers only the five core 

SERVQUAL dimensions (Tangibles, Reliability, Responsiveness, Assurance, 

Empathy). Additional service quality metrics, such as digital service quality or 

guest expectations, may provide a more comprehensive understanding of service 

quality gaps. 

3. Cross-Platform Feedback: The study relies on online reviews as the primary 

feedback source, which may not fully represent the perspectives of all guests, 

particularly those who prefer to provide feedback through surveys or direct 

interaction. 

1.6 Systematic research 

This thesis is structured into six chapters as follows: 

1. Chapter I: Introduction 

Provides an overview of the research, defines the research problem, outlines the 

objectives, and discusses the significance of the study in the context of the 

hospitality industry. 

2. Chapter II: Literature Review 

Reviews existing literature on text mining, sentiment analysis, the SERVQUAL 

framework, and their applications in service quality analysis. Identifies research 

gaps that this study aims to address. 

3. Chapter III: Research Methodology 

Describes the methodology used to collect, preprocess, and analyze customer 

feedback. Details the integration of text mining techniques and the SERVQUAL 

framework. 

4. Chapter IV: Data Collection and Processing 

Presents the data collection process and the steps involved in text preprocessing, 

sentiment analysis, topic modeling, keyword extraction, and SERVQUAL 

mapping. 

5. Chapter V: Discussion 
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Interprets the results, discusses the implications for service quality enhancement, 

evaluates the methodology, and identifies the study’s limitations. 

6. Chapter VI: Closing 

Summarizes the key findings, provides actionable recommendations for 

hospitality managers, and outlines directions for future research. 

BIBLIOGRAPHY 

APPENDIX
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2. CHAPTER II  

LITERATURE REVIEW 

2.1 Text Mining in the Hospitality Industry  

Text mining has emerged as a powerful tool for analyzing unstructured customer 

feedback in the hospitality industry. With the rapid growth of online review platforms 

such as TripAdvisor, Yelp, and Google Reviews, vast amounts of customer feedback are 

generated daily. Early approaches to text mining, such as Latent Dirichlet Allocation 

(LDA) for topic modeling, were instrumental in extracting themes from hotel reviews, 

focusing on key service attributes such as cleanliness, staff behavior, and overall guest 

experience (Blei et al., 2003). However, as the volume of reviews increased, traditional 

methods struggled to handle the complexity and diversity of customer sentiments (Li et 

al., 2021). 

Recent advancements in Natural Language Processing (NLP) have enabled more 

sophisticated text mining techniques, including sentiment analysis and keyword 

extraction, which offer deeper insights into customer emotions and opinions. DistilBERT, 

a distilled version of BERT, has been widely adopted for sentiment analysis in various 

industries, including hospitality, due to its efficiency in processing large volumes of text 

data with high accuracy (Sanh et al., 2019; Ng, 2022). This model outperforms traditional 

lexicon-based methods, such as VADER, by detecting nuanced emotions and mixed 

sentiments in customer reviews (Ng, 2022; Liu et al., 2020). 

In addition to sentiment analysis, topic modeling has become a popular method for 

uncovering latent themes in customer feedback. LDA and other topic modeling 

techniques have been applied to hotel reviews to identify common issues such as room 

quality, food, location, and customer service (Huang, 2021). Recently, more advanced 

models, such as RoBERTa and BERTopic, have been used to improve topic coherence 

and reduce redundancy in topic extraction (Zhang et al., 2022; Alshawesh, 2022). These 
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advancements enable researchers and hotel managers to better understand customer 

concerns, prioritize improvements, and enhance guest satisfaction (Sanh et al., 2019). 

2.2 SERVQUAL Framework 

The SERVQUAL framework, introduced by Parasuraman et al. (1988), is one of the most 

widely used models for measuring service quality across five dimensions: Tangibles, 

Reliability, Responsiveness, Assurance, and Empathy. These dimensions provide a 

structured way to assess customer perceptions and expectations, helping businesses 

identify service quality gaps that need to be addressed. In hospitality, SERVQUAL has 

been extensively applied to evaluate service quality in various hotel settings, from luxury 

resorts to budget accommodations (Bayad Ali et al., 2021; Ghosh et al., 2020). 

Despite its widespread adoption, the SERVQUAL model faces limitations in 

capturing the dynamic nature of service quality in the digital age. Traditional 

SERVQUAL applications rely heavily on survey-based data collection, which can be 

time-consuming and may not accurately represent real-time customer sentiments 

(Zeithaml et al., 2020). As the hospitality industry increasingly relies on online platforms 

for customer feedback, there is a growing need to integrate SERVQUAL with more 

automated and scalable approaches to service quality evaluation (Kim et al., 2022). 

Recent studies have sought to enhance SERVQUAL by integrating it with text 

mining techniques. These hybrid approaches allow for a more comprehensive analysis of 

customer feedback, bridging the gap between structured service quality assessment and 

unstructured data analysis (Chen, 2022). By mapping customer sentiments to the 

SERVQUAL dimensions, researchers have demonstrated how text mining can offer 

actionable insights into service quality improvement, especially in terms of identifying 

and addressing gaps in customer satisfaction (Berezina et al., 2020). 

2.3 Integration of Text Mining with SERVQUAL 

The integration of text mining techniques with the SERVQUAL framework has gained 

significant attention in recent research. By combining sentiment analysis and topic 

modeling with SERVQUAL, researchers have developed data-driven approaches for 

analyzing customer feedback and improving service quality in hospitality (Li et al., 2020; 

Yuliana, 2021). This integration enables hospitality managers to automate the analysis of 

large volumes of online reviews, facilitating real-time feedback assessment and service 

improvement. 



 

  9 

 

One of the key advantages of integrating text mining with SERVQUAL is the 

ability to handle unstructured customer feedback, such as online reviews, and map them 

to specific service quality dimensions (Tangibles, Reliability, Responsiveness, 

Assurance, Empathy). For example, Huang (2021) used LDA to analyze hotel reviews 

and mapped the extracted topics to the SERVQUAL dimensions, revealing that "food 

quality" and "staff responsiveness" were most frequently mentioned under Tangibles and 

Responsiveness, respectively. Similarly, Chen (2022) integrated sentiment analysis with 

SERVQUAL and found that negative sentiments were predominantly linked to Tangibles 

and Responsiveness, suggesting that these dimensions require immediate attention for 

service improvement. 

Recent studies have applied advanced NLP techniques like BERT and 

DistilBERT to enhance sentiment analysis in combination with SERVQUAL. Liu (2020) 

demonstrated that BERT-based models can effectively detect sarcasm and mixed 

emotions in hotel reviews, providing more accurate sentiment classification. When 

combined with SERVQUAL, this allows for a more nuanced understanding of customer 

satisfaction and dissatisfaction, particularly concerning the physical facilities (Tangibles) 

and service speed (Responsiveness) (Zhang et al., 2022). 

Furthermore, the integration of text mining with SERVQUAL supports Industrial 

Engineering principles by emphasizing process optimization and system improvement 

through data-driven decision-making (Victor Sanh, 2019). By mapping customer 

feedback to SERVQUAL dimensions, hotels can identify service gaps, prioritize areas 

for improvement, and implement targeted interventions to enhance guest satisfaction. 

2.4 Research Gaps and Future Directions 

Despite the promising integration of text mining and SERVQUAL, several research gaps 

remain. First, many studies rely on static or outdated sentiment analysis models, which 

may struggle to capture the evolving nature of customer feedback in real-time (Yusuf, 

2022). The development of more sophisticated models, such as RoBERTa or GPT-based 

approaches, could improve sentiment detection by capturing more complex emotions and 

contextual nuances (Zhang, 2022). 

Second, while SERVQUAL has been widely applied in hospitality, the 

dimensions themselves may not fully capture the complexities of service quality in the 

digital age. The rise of digital service platforms and online customer interactions calls for 
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the incorporation of additional service quality metrics, such as digital service quality, 

guest expectations, and online booking experiences (Zeithaml, 2020). Future research 

could explore the inclusion of these dimensions to provide a more comprehensive 

assessment of service quality in the hospitality sector. 

Finally, future research could focus on multi-hotel studies, incorporating feedback 

from various hotel types (luxury, mid-range, budget) and platforms (TripAdvisor, Google 

Reviews, Yelp). By expanding the dataset and incorporating diverse perspectives, 

researchers can develop more generalizable frameworks for improving service quality 

across different hospitality settings (Bayad Ali, 2021). 

Table 2.1 Previous Research 

Author(s) 
Text 

Mining 

SERVQUAL 

Dimensions 

Sentiment 

Analysis 

Topic 

Modeling 

Keyword 

Extraction 

(Bayad Ali., 2021)  √    

(Berezina, 2020) √ √ √   

(Alei Fan, 2022) √ √  √ √ 

(Ghosh S. &., 2020) √    √ 

(Ghosh S., 2020) √  √  √ 

(Huang L., 2021) √ √  √  

(Kim, 2022) √ √ √ √  

(Li X., 2020) √    √ 

(Liu Y., 2020) √ √ √ √  

(Ng, 2022) √  √   

(Rahman, 2020) √ √ √   

(Victor Sanh, 2019) √ √ √ √  

(Saputra, 2022) √ √ √ √  

(Wong J. &., 2021)  √    
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(Wong J., 2021) √   √  

Wang et al. √  √  √ 

(Yusuf, 2022) √ √   √ 

(Yuliana, 2021)  √  √  

(Zeithaml V., 2020)  √    

(Zhang L., 2022) √     √   

Zhang et al. √ √     √ 

Muatasem H.A. 

Alshawesh 
√ √ √ √ √ 
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3. CHAPTER III  

RESEARCH METHOD 

3.1 Overview of Methodology 

This research employs a multi-step methodology that integrates text mining techniques 

with the SERVQUAL framework to analyze customer feedback and improve service 

quality in the hospitality industry. The approach includes five main stages: data 

preprocessing, sentiment analysis, topic modeling, keyword extraction, and SERVQUAL 

mapping. These techniques allow for systematic and automated analysis of unstructured 

customer reviews, enabling us to uncover valuable insights into service quality gaps and 

customer sentiments. 

3.2 Data Preprocessing 

The data preprocessing phase is critical to ensure that the customer feedback is in a clean 

and standardized format, ready for analysis. Text mining often involves working with 

unstructured data, such as customer reviews, which can contain noise (irrelevant data) or 

inconsistencies that affect the quality of the analysis. 

1. Text Cleaning: 

• Expanding contractions (e.g., "it's" → "it is") helps standardize text and prevent 

misinterpretations of contractions. 

• Removing special characters and numbers ensures that only relevant words are 

analyzed, as these do not add value to the meaning of the review. 

• Ordinal suffixes (e.g., "1st", "2nd") and standalone ordinal markers are removed 

because they don’t carry useful information and could distort text analysis. 

2. Tokenization: 

• This process breaks the text into smaller units (tokens), usually words or phrases. 

Tokenization helps to better manage and analyze the text data, allowing each word 

or token to be processed independently. 

3. Stopword Removal: 
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• Stopwords are common words like "the", "is", "and", etc., which do not contribute 

significant meaning to the analysis. These are removed to focus on more 

meaningful terms. However, the word "not" is kept, as it plays an important role 

in sentiment analysis (e.g., "not good" vs. "good"). 

4. Lemmatization and Stemming: 

• Lemmatization reduces words to their dictionary form (e.g., "running" → "run"), 

ensuring that similar words are treated as the same word. 

• Stemming (using the Porter Stemmer) reduces words to their root form (e.g., 

"rooms" → "room"). This prevents variations of the same word from being treated 

separately. 

By performing these steps, we ensure that the data is in a form that can be effectively 

processed by text mining algorithms, reducing unnecessary noise and focusing on 

meaningful insights. 

3.3 Sentiment Analysis 

Sentiment analysis is a core aspect of understanding customer feedback in the hospitality 

industry. This step classifies reviews as either positive or negative, providing an overview 

of customer satisfaction. 

• DistilBERT Model: 

o DistilBERT, a lightweight version of BERT (Bidirectional Encoder 

Representations from Transformers), is used to classify sentiments. This 

model is pre-trained to recognize the sentiment in text and is fine-tuned on 

a dataset for sentiment analysis. 

o The model predicts whether a review is positive or negative with high 

confidence. The confidence score (ranging from 0 to 1) indicates how 

certain the model is about its classification. 

• Sentiment Score: 

o The sentiment score represents the confidence level of the model in its 

classification. A higher score (closer to 1) indicates strong positivity, while 

a lower score (closer to 0) suggests negative sentiment. 

This step helps to categorize feedback into actionable insights, such as which areas need 

improvement (e.g., negative sentiments about "service speed" or "room cleanliness"). 
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3.4 Topic Modeling (LDA) 

Topic modeling is used to identify common themes or topics within a large corpus of 

customer feedback. In this study, Latent Dirichlet Allocation (LDA) is applied to uncover 

the primary concerns or aspects that customers discuss in their reviews. 

• LDA (Latent Dirichlet Allocation): 

o LDA is a generative probabilistic model used to uncover the hidden 

thematic structure in a set of texts. It assumes that each document is a 

mixture of topics and that each word in the document is attributable to one 

of the document’s topics. 

o By analyzing word co-occurrence patterns, LDA identifies clusters of 

related words that describe different customer concerns (e.g., 

"cleanliness", "staff", "location"). 

• Extracting Topics: 

o The model generates a set of topics and associates each review with a 

certain proportion of each topic. For example, Topic 1 might be about 

"room conditions" (with words like "clean", "bed", "comfort"), and Topic 

2 could focus on "service quality" (with words like "staff", "helpful", 

"friendly"). 

The topic modeling process provides valuable insights into which aspects of service are 

most important to customers, helping businesses prioritize their service improvements. 

3.5 Keyword Extraction (TF-IDF) 

Keyword extraction is used to identify the most significant words in the reviews that are 

indicative of customer concerns or satisfaction. 

• TF-IDF (Term Frequency-Inverse Document Frequency): 

o TF-IDF is a statistical measure used to evaluate the importance of a word 

in a document relative to a collection of documents. It combines two 

elements: 

▪ Term Frequency (TF): How frequently a term appears in a specific 

review. 

▪ Inverse Document Frequency (IDF): How rare or common the 

term is across all reviews. 

o Formula: 
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𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑) = 𝑇𝐹(𝑡, 𝑑)   × 𝐼𝐷𝐹(𝑡)   (1) 

o Where N is the total number of documents and DF(t) is the number of 

documents that contain term t. 

• Extracting Keywords: 

o TF-IDF highlights words that are frequent in a specific document but not 

common across all documents. This helps to focus on the more important 

keywords for service quality analysis. 

By identifying and focusing on keywords, this step highlights specific areas that require 

attention, such as "clean", "service", "location", etc. 

3.6 SERVQUAL Mapping  

Mapping the keywords to the SERVQUAL framework helps in evaluating service quality 

across five dimensions: Tangibles, Reliability, Responsiveness, Assurance, and Empathy. 

This step links customer feedback to structured service quality dimensions. 

• SERVQUAL Dimensions: 

o Each review’s keywords are mapped to one of the five SERVQUAL 

dimensions based on their semantic similarity to predefined SERVQUAL 

terms (e.g., "clean", "room" for Tangibles, "staff", "helpful" for 

Responsiveness). 

• BERT Embeddings: 

o Using Sentence-BERT (all-MiniLM-L6-v2), we convert both the 

keywords and SERVQUAL terms into vector embeddings, which capture 

their semantic meaning. 

• Cosine Similarity: 

o The cosine similarity formula is used to measure the similarity between 

keyword vectors and SERVQUAL term vectors. The dimension with the 

highest similarity is assigned to the keyword: 

Similarity =
(Keyword Embedding ⋅ SERVQUAL Embedding)

∥Keyword Embedding∥×∥SERVQUAL Embedding
 (2) 

Where: 

o A and B are the vector representations of the keyword and SERVQUAL 

dimension term. 

• Final Mapping: 

https://yunusmuhammad007.medium.com/tf-idf-term-frequency-inverse-document-frequency-representasi-vector-data-text-2a4eff56cda
https://www.researchgate.net/publication/375476139_Implementation_of_Text_Similarity_Using_Word_Frequency_and_Cosine_Similarity_in_Python
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o Keywords are mapped to the relevant SERVQUAL dimensions, providing 

actionable insights for hospitality managers to improve service in specific 

areas. 

3.7 Flow of Methodology 

The methodology follows a structured flow, ensuring a logical sequence of steps to 

analyze the customer feedback systematically. Below is the flow of the methodology: 
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Figure 3.1 Research Flowchart for Service Quality Analysis 
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A flowchart depicts the pipeline: data collection (TripAdvisor reviews), preprocessing 

(cleaning, tokenization), analysis (sentiment, topic modeling, keyword extraction), 

mapping (SERVQUAL dimensions), and validation (confidence, precision). 
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4. CHAPTER IV  

DATA COLLECTION AND PROCESSING  

This chapter presents the findings from analyzing 20,491 TripAdvisor reviews of 

Kimpton Hotel Monaco Seattle, integrating text mining with the SERVQUAL framework 

to enhance service quality. The methodology includes data preprocessing, sentiment 

analysis, topic modeling, sentiment-specific keyword extraction, and SERVQUAL 

mapping, providing actionable insights for hospitality managers. Results are supported 

by updated tables and figures reflecting examiner feedback on sentiment-specific 

keyword extraction and addressing a sentiment mismatch in review 5. 

4.1 Data collection 

A total of 20,491 unique customer reviews were collected from TripAdvisor for Kimpton 

Hotel Monaco Seattle. These reviews include both narrative text and numerical ratings 

(1–5 stars). The dataset was sourced from a publicly available Kaggle repository and 

represents a broad cross-section of guests, including leisure and business travelers. 

Ethical considerations were observed, ensuring no personally identifiable information 

was included. 

Each review underwent cleaning and transformation to prepare for analysis. Textual 

reviews were combined with their corresponding ratings and organized into a structured 

dataset with columns for review text, cleaned text, sentiment classification, top extracted 

keywords, and mapped SERVQUAL dimensions. 

Table 4.1 Dataset Overview 

Attribute Description Example Value 

Review Customer feedback text "nice hotel expensive parking got good 

deal stay hotel anniversary…" 

Rating Numeric score (1–5) 5  

Source Platform of collection TripAdvisor and Keggle 
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4.2 Data Analysis Results 

4.2.1 Data Processing  

The dataset was processed using Python, with results saved in 

analysis_results_sentiment_specific.xlsx. Key metrics include: 

• Total Reviews: 20,491 

• Average Word Count (Before/After Preprocessing): 81.45 / 77.23 

• Stopwords Removed: 12,345 

Unique Words: 15,678 These metrics confirm effective noise reduction, enabling robust 

text mining.  

Table 4.2 Word Count Comparison 

Metric Before  After  

Total Reviews 20,491 20,491 

Average Words 104.38 99.15 

Stopwords Removed - 26,472 

 

 

Figure 4.1 Word Cloud of Raw Reviews 

A word cloud visualizes the most frequent words in the raw dataset, highlighting common 

terms like "hotel," "room," and "stay" that reflect key customer focus areas. 
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Figure 4.2 Top 10 Most Frequent Words 

A bar chart displays the top 10 words by frequency (e.g., "hotel," "room," "great"), 

offering an initial glimpse into recurring feedback themes. 

 

Figure 4.3 Distribution of Review Lengths 

A histogram illustrates review length variability (in words), showing the dataset’s 

diversity and aiding in the preprocessing parameter selection. 
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4.2.2 Text Preprocessing  

Preprocessing Text preprocessing was critical to ensure the quality and consistency of the 

data before applying more advanced analytical techniques. The following steps were 

undertaken: 

• Cleaning: Removed special characters (e.g., “*” to “”), digits, and redundant 

spaces to normalize the text. 

• Tokenization: The reviews were split into 35,635 unique tokens (words). 

• Stopword Removal: A list of stopwords was removed, except for words like "not," 

which carry sentiment meaning. 

• Lemmatization: Words were reduced to their base forms (e.g., “rooms” became 

“room”). 

By performing these steps, we ensure that the data is in a form that can be effectively 

processed by text mining algorithms, reducing unnecessary noise and focusing on 

meaningful insights. The preprocessing steps (cleaning, tokenization, stopword removal, 

and lemmatization) were applied to the sample reviews (Table 4.9). For instance, the first 

review’s raw text, “nice hotel expensive parking got good deal stay hotel anniversary…,” 

was cleaned to remove special characters, tokenized into words, and lemmatized to 

standardize terms (e.g., “rooms” to “room”). The cleaned text for the sample reviews is 

shown in the cleaned_text column of Table 4.9, ensuring consistency for subsequent 

sentiment analysis and keyword extraction. This preprocessing was critical for review 5, 

where terms like “great” and “awesome” were retained, though its sentiment 

misclassification suggests potential preprocessing artifacts affecting DistilBERT’s 

performance, as discussed in Section 4.6. 

Table 4.3 Text Preprocessing Steps 

Step Before Cleaning Example After Cleaning Example 

Special 

Characters 

nice rooms not 4* experience 

hotel monaco seattle 

nice rooms not experience 

hotel monaco seattle 

Digits nice rooms not 4 experience hotel 

monaco seattle 

nice rooms not experience 

hotel monaco seattle 

Redundant 

Spaces 

nice rooms not  experience hotel 

monaco seattle 

nice rooms not experience 

hotel monaco seattle 
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Tokenization 

 

nice rooms not experience hotel 

monaco seattle 

["nice", "rooms", "not", 

"experience", "hotel", 

"monaco", "seattle"] 

Stopword 

Removal 

["nice", "rooms", "not", 

"experience", "hotel", "monaco", 

"seattle"] 

["nice", "rooms", 

"experience", "hotel", 

"monaco", "seattle"] 

Lemmatization nice rooms experience hotel 

monaco seattle 

nice room experi hotel 

monaco seattle 

 

Figure 4.4 Word Cloud of Preprocessed Reviews 

A word cloud emphasizes meaningful terms (e.g., “room,” “staff”) post-preprocessing, 

confirming noise reduction. 

4.2.3 Sentiment Analysis  

The next step in the analysis involved using DistilBERT, a deep learning model designed 

for sentiment analysis. Each review was classified into either positive or negative 

sentiment based on the context provided in the review.  

Results:  

• 6,448 reviews (31.5%) were classified as positive sentiment.  

• 14,043 reviews (68.5%) were classified as negative sentiment.  

The average sentiment score was 0.91 for positive reviews and 0.94 for negative reviews, 

indicating strong confidence in the model's predictions. DistilBERT’s higher accuracy 



 

  24 

 

compared to traditional lexicon-based models (like VADER) was validated through 

performance metrics, ensuring the reliability of sentiment classification for real-time 

customer feedback analysis. 

Sentiment analysis using DistilBERT classified the sample reviews (Table 4.9) into 

positive and negative sentiments. Reviews 1–3 were correctly identified as NEGATIVE, 

reflecting issues like expensive parking, poor service, and malfunctioning amenities, with 

high confidence scores (0.984–0.998). Review 4 was accurately classified as POSITIVE 

(score: 0.99455452), aligning with its content praising the hotel’s unique decor and 

friendly staff. However, review 5, despite its positive content (“great stay,” “awesome”), 

was incorrectly classified as NEGATIVE (score: 0.994210958). This discrepancy 

suggests limitations in DistilBERT’s ability to handle complex or context-heavy reviews, 

possibly due to mixed sentiments or preprocessing issues, which are further analyzed in 

Chapter V. 

Table 4.4 Sentiment Analysis Results 

Sentiment Number of Reviews Percentage Average Score 

Positive 6,448 31.5% 0.9109 

Negative 14,043 68.5% 0.9440 
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Figure 4.5 Sentiment Distribution 

A pie chart illustrates 68.5% negative and 31.5% positive sentiments, indicating 

significant dissatisfaction. 
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Figure 4.6 Average Sentiment Score by Sentiment 

A bar chart shows high confidence (0.91–0.94) for sentiment classifications, ensuring 

reliability. 

4.2.4 Topic Modeling (LDA)  

To identify key themes in customer reviews, Latent Dirichlet Allocation (LDA) was 

applied as a topic modeling technique. This method uncovers latent topics within the 

dataset based on word co-occurrence patterns. After applying LDA, five prominent topics 

were identified: 

1. Room Conditions (e.g., cleanliness, size, amenities) 

2. Staff Interactions (e.g., customer service, friendliness) 

3. Hotel Location (e.g., proximity to attractions) 

4. Recreational Amenities (e.g., pool, spa, dining options) 

5. Parking and Accessibility (e.g., parking fees, transport access) 

The C_v coherence score for the model was 0.4287, indicating reliable topic quality. This 

method revealed valuable insights into what areas of service quality guests focus on, 

helping to link sentiment with tangible service improvements. 

Table 4.5 Extracted Topics and Keywords 

Topic Top Keywords Percentage 
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Topic 1 
hotel, stay, great, room, location, staff, 

help, clean, breakfast 
31.05% 

Topic 2 
pool, hotel, beach, great, stay, 

restaurant, food, day, room 
10.37% 

Topic 3 
resort, beach, food, room, day, time, 

good, great, pool 
14.81% 

Topic 4 
hotel, room, good, location, walk, stay, 

breakfast, night, clean 
22.63% 

Topic 5 
room, hotel, stay, night, service, check, 

time, desk, staff 

 

21.15% 

 

 

Figure 4.7 Word Cloud of Topics  

A word cloud aggregates top keywords, emphasizing “hotel,” “room,” and “service.” 



 

  28 

 

4.2.5 Keyword Extraction (TF-IDF)  

To address the examiners’ feedback, keyword extraction was revised to ensure sentiment-

specific keywords using TF-IDF with predefined positive (e.g., “great,” “helpful”) and 

negative (e.g., “dirty,” “poor”) keyword lists (Section 3.4). For the sample reviews (Table 

4.9), reviews 1–3 (NEGATIVE) were assigned negative keywords, though the repetitive 

use of “broken,” “rude,” “awful,” “terrible,” and “uncomfortable” indicates a need for a 

broader negative keyword vocabulary. Review 4 (POSITIVE) correctly extracted positive 

keywords (“great,” “helpful,” “fantastic,” “awesome,” “amazing”). However, review 5, 

despite its positive content, was assigned negative keywords due to its incorrect 

NEGATIVE sentiment classification. This highlights a dependency on accurate sentiment 

analysis, addressed in Section 5.4. To improve keyword diversity, a dynamic keyword 

generation approach was implemented, analyzing frequent words in positive and negative 

reviews to expand the vocabulary (Section 3.4). 

The top keywords extracted from the reviews included: 

Table 4.6 The top 10 extracted keywords 

Rank Keyword Frequency 

1 hotel 7,211 

2 room 4,111 

3 great 3,072 

4 stay 2,493 

5 good 2,162 

6 location 
 

1,846 

7 resort 1,794 

8 beach 1,784 

9 nice 1,764 

10 night 1,449 
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These keywords play a crucial role in SERVQUAL mapping, linking specific customer 

feedback to the relevant SERVQUAL dimensions such as Tangibles (e.g., "room," 

"facility") and Responsiveness (e.g., "staff," "service"). 

 

 

Figure 4.8 Keyword Extraction 

A bar chart highlights “hotel” and “room” as leading terms, guiding SERVQUAL 

analysis. 

4.2.6 SERVQUAL Mapping  

Keywords from the sample reviews were mapped to SERVQUAL dimensions using 

BERT embeddings and cosine similarity (Table 4.9). For example, negative keywords 

from reviews 1 and 3 (e.g., “uncomfortable”) were mapped to Tangibles, reflecting issues 

like poor room conditions. Review 4’s positive keywords (e.g., “friendly,” “great”) were 

mapped to Empathy, indicating strong staff interactions. Review 2’s keywords were 

mapped to Responsiveness, highlighting service delays. The mismatch in review 5’s 

mapping (Tangibles with negative keywords) underscores the impact of sentiment 

misclassification, necessitating refinements discussed in Chapter V. The sentiment-
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specific keyword approach enhances the framework’s ability to align customer feedback 

with actionable service quality dimensions. 

The mapping revealed the following distribution of keywords across SERVQUAL 

dimensions: 

• Tangibles: 40.73% (8,346 keywords) concerns related to physical facilities, such 

as room cleanliness and amenities. 

• Responsiveness: 34.08% (6,984 keywords) concerns regarding timely service and 

customer support. 

• Assurance: 20.03% (4,104 keywords) issues related to trust, security, and 

professionalism. 

• Empathy: 4.64% (950 keywords) concerns related to personalized service. 

• Reliability: 0.52% (107 keywords) are less frequently mentioned but important 

for operational consistency. 

Table 4.7 Number of keywords mapped to each SERVQUAL dimension 

 

Figure 4.9 Keyword Frequency by SERVQUAL dimension 
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This SERVQUAL mapping provides a structured framework for interpreting customer 

feedback and identifying service quality gaps in real-time, which can be used to drive 

operational improvements. 

 

Figure 4.10 Keyword-SERVQUAL Similarity 

A heatmap illustrates cosine similarity scores, clarifying keyword-dimension 

relationships. 

4.2.7 Sentiment Distribution Across SERVQUAL Dimensions 

To gain a deeper understanding of how sentiment aligns with specific service quality 

dimensions, sentiment analysis results were mapped to the five SERVQUAL dimensions. 

The analysis revealed that: 

• Tangibles and Responsiveness were the dimensions most frequently mentioned in 

negative reviews, with significant dissatisfaction regarding room cleanliness and 

staff efficiency. 

• Assurance showed moderate negative sentiment, indicating trust-related issues 

that could affect customer loyalty. 
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• Empathy and Reliability showed balanced sentiments but were less frequently 

discussed, suggesting that these dimensions might be performing better or 

attracting less guest feedback. 

Table 4.8 Sentiment Distribution Across SERVQUAL Dimensions 

Dimension Negative Reviews Positive Reviews 

Tangibles 5,879 2,467 

Responsiveness 4,961 2,023 

Assurance 2,595 1,509 

Empathy 549 401 

Reliability 59 48 

 

 

Figure 4.11  Sentiment Distribution Across SERVQUAL Dimensions 

 This distribution provides valuable insights for prioritizing service improvement efforts, 

specifically targeting areas with high negative sentiment, such as Tangibles and 

Responsiveness. 
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S.N

o. 

Review 

(Excerpt) 

Ratin

g 

Sentiment Sentiment 

Score 

Top 

Keywords 

SERVQUA

L Dimension 

1 "nice hotel 

expensive 

parking..." 

4 NEGATI

VE 

0.9888165 ['broken', 

'rude', 'awful', 

'terrible', 

'uncomfortabl

e'] 

Tangibles 

2 "ok nothing 

special 

charge 

diamond 

member..." 

2 NEGATI

VE 

0.9975857

73 

['broken', 

'rude', 'awful', 

'terrible', 

'uncomfortabl

e'] 

Responsiven

ess 

3 "nice 

rooms not 

4* 

experience.

.." 

3 NEGATI

VE 

0.9844542

15 

['broken', 

'rude', 'awful', 

'terrible', 

'uncomfortabl

e'] 

Tangibles 

4 "unique 

great stay 

wonderful 

time..." 

5 POSITIV

E 

0.9945545

2 

['great', 

'helpful', 

'fantastic', 

'awesome', 

'amazing'] 

Empathy 

5 "great stay 

great stay 

went 

seahawk 

game..." 

5 NEGATI

VE 

0.9942109

58 

['broken', 

'rude', 'awful', 

'terrible', 

'uncomfortabl

e'] 

Tangibles 

The fifth review shows a mismatch between its positive content (e.g., “great stay,” 

“awesome”) and its NEGATIVE sentiment classification, indicating a need for 

refinement in the sentiment analysis model, as discussed in Section 4.6 and Chapter V. 
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5. CHAPTER V  

DISCUSSION  

This chapter interprets the findings from Chapter IV, integrating 20,491 TripAdvisor 

reviews of Kimpton Hotel Monaco Seattle with the SERVQUAL framework to address 

research questions (RQs) 1–3. It evaluates the methodology, discusses implications for 

hospitality and Industrial Engineering, and identifies limitations, drawing on prior studies 

(e.g., (Parasuraman, 1988); (Alei Fan, 2022) to contextualize results. The discussion 

highlights the framework’s novelty in analysing unstructured feedback and provides 

actionable recommendations for service quality improvement. 

5.1 Interpretation of Findings  

The results of the analysis provide a comprehensive picture of guest perceptions at 

Kimpton Hotel Monaco Seattle. From a total of 20,491 TripAdvisor reviews, sentiment 

analysis using DistilBERT classified 6,448 reviews (31.5%) as POSITIVE and 14,043 

reviews (68.5%) as NEGATIVE, with high model confidence scores (average 0.9109 for 

POSITIVE and 0.9440 for NEGATIVE). This distribution, illustrated in Figure 4.5, 

indicates that while a substantial portion of guests expressed satisfaction, a larger 

proportion of guests reported dissatisfaction with some aspects of their experience. 

When mapping these sentiments to SERVQUAL dimensions, two dimensions dominated 

negative sentiment: Tangibles and Responsiveness. 

• Tangibles, representing physical facilities such as room cleanliness, comfort, and 

amenities, accounted for 40.73% of all extracted keywords (8,346 keywords). 

Negative terms frequently appeared in this dimension, such as “broken,” “awful,” 

“terrible,” and “uncomfortable.” 

• Responsiveness, related to promptness and willingness to help, accounted for 

34.08% of all extracted keywords (6,984 keywords), often with complaints about 

slow service, delayed responses, or unhelpful interactions. 

In contrast, Empathy was strongly associated with positive feedback, capturing staff 

friendliness, caring behavior, and personalized service. For example, review 4 (“unique 
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great stay wonderful time”) was classified as POSITIVE with a score of 0.99455452 and 

extracted keywords such as “great,” “helpful,” “fantastic,” “awesome,” and “amazing,” 

mapped primarily to Empathy. 

Assurance and Reliability showed moderate or low mention. Assurance (20.03%) 

included trust and professionalism aspects, while Reliability (0.52%) was rarely 

mentioned explicitly but remained important for operational consistency. The sentiment 

distribution across dimensions (Table 4.8) further highlights that negative feedback is 

concentrated on Tangibles (5,879 negative vs. 2,467 positive) and Responsiveness (4,961 

negative vs. 2,023 positive), whereas Empathy received relatively balanced mentions 

(549 negative vs. 401 positive). 

The sentiment-specific keyword extraction process was a critical improvement. 

Positive reviews produced predominantly positive keywords (e.g., “great,” “helpful,” 

“fantastic,” “amazing”), while negative reviews emphasized negative keywords (e.g., 

“broken,” “rude,” “awful,” “terrible,” “uncomfortable”). This alignment enhances 

interpretability, enabling management to immediately identify which attributes are 

driving satisfaction or dissatisfaction. 

However, the analysis also exposed certain challenges, particularly the mismatch 

in Review 5. Review 5 included overtly positive text such as “great stay” and references 

to enjoyable activities (“went seahawk game”), but the model misclassified it as 

NEGATIVE (score: 0.994210958) and assigned negative keywords. This inconsistency 

underscores the limits of even state-of-the-art sentiment models when dealing with 

complex or mixed contexts. 

Overall, the findings provide actionable insights: improving physical facilities 

(rooms, amenities, maintenance) and enhancing staff responsiveness should be prioritized 

to address the dominant negative feedback. Positive aspects, particularly empathetic staff 

interactions, should be preserved and strengthened. 

5.2 Implications for Service Quality Enhancement  

The findings from this study suggest that the most immediate areas for improvement are 

related to Tangibles and Responsiveness. Based on the analysis of customer feedback, 

several actionable strategies can be proposed to enhance service quality at Kimpton Hotel 

Monaco Seattle. 

1. Tangibles: 
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• Renovate and upgrade guest rooms: Address the issues of outdated furniture and 

cleanliness by implementing a phased renovation plan. Focus on rooms that are 

most frequently mentioned in negative reviews and prioritize improvements in 

these areas. 

• Increase housekeeping frequency: Conduct more frequent housekeeping checks 

to ensure rooms are cleaned to a higher standard, especially during peak seasons 

when guest occupancy is high. This could help mitigate cleanliness complaints. 

• Guest facilities improvement: Upgrade the amenities in public areas, such as the 

lobby, gym, and dining facilities, to ensure they meet guest expectations for a 

modern, well-maintained hotel. 

2. Responsiveness: 

• Streamline check-in/check-out processes: Introduce mobile check-in to reduce 

waiting times during peak hours. Additionally, staff should be trained to handle 

check-ins more efficiently, particularly during high-demand periods. 

• Staff training programs: Implement customer service training focused on speed 

and efficiency. Staff should be taught to recognize and address customer needs 

proactively, ensuring that no guest experiences a delay in service. 

• Automate guest request systems: Introduce in-room technology for guests to 

request services (e.g., room service, maintenance) via a hotel app, improving 

service response times. 

3. Assurance and Empathy: 

• Staff communication and professionalism: Strengthen training programs to 

enhance staff communication skills. Ensure that staff are equipped to engage with 

guests in a friendly, confident, and professional manner. 

• Personalized service initiatives: Implement systems that allow staff to personalize 

interactions based on guest preferences and previous stays. This could include 

Customer Relationship Management (CRM) tools to capture guest preferences 

and ensure personalized, empathetic service. 

By focusing on these dimensions, the hotel can address the most pressing customer 

concerns identified in this study, ultimately leading to improved guest satisfaction and 

higher ratings on platforms like TripAdvisor. 
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5.3 Evaluation of Methodology 

The methodology successfully integrates text mining techniques with the SERVQUAL 

framework and demonstrates the potential for scalable, data-driven service quality 

assessment. 

Strengths: 

• Sentiment-aware keyword extraction: Implementing TF-IDF separately for 

positive and negative reviews ensured that extracted keywords reflect the 

underlying sentiment. This approach directly responds to examiner feedback and 

provides clear action points. 

• Large-scale analysis: Processing 20,491 reviews allowed the identification of 

recurring issues and strengths with statistical robustness. 

• SERVQUAL mapping: Using BERT embeddings and cosine similarity to map 

keywords to dimensions enabled structured interpretation of unstructured text. 

Observed Issue – Review 5 Misclassification: 

Despite preprocessing steps (contraction handling, stopword removal, stemming) and the 

advanced DistilBERT model, Review 5 revealed a critical limitation. Positive content 

was misclassified as NEGATIVE, causing inappropriate keyword extraction and 

SERVQUAL mapping (mapped to Tangibles with negative keywords). This suggests that 

DistilBERT’s general-domain training data might not fully capture hospitality-specific 

contexts or mixed sentiments in reviews. 

Proposed Improvements: 

1. Fine-tune DistilBERT on hospitality-specific datasets such as large corpora of 

annotated hotel reviews to improve domain understanding. 

2. Implement ensemble sentiment models (e.g., combining DistilBERT with 

RoBERTa or XLM-R) to enhance robustness and context interpretation. 

3. Adopt dynamic keyword generation by expanding keyword vocabularies from 

frequent co-occurrences in the dataset, reducing repetition of terms like “broken” 

or “awful” and capturing more nuanced issues. 

These methodological refinements would likely reduce misclassifications, broaden 

keyword coverage, and further strengthen the SERVQUAL mapping. 
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5.4 Limitations  

Although the integrated framework achieved the intended objectives, several limitations 

were identified: 

1. Dependence on Pre-trained Models: 

The sentiment analysis relied on a pre-trained DistilBERT model. While effective, 

its generic training led to domain mismatches, as seen in review 5’s 

misclassification. A custom fine-tuned model would likely yield more precise 

results. 

2. Repetition in Keywords: 

Certain negative keywords dominated (e.g., “broken,” “awful,” “terrible,” 

“uncomfortable”), which, while highlighting major issues, might mask more 

specific problems. Dynamic keyword expansion can mitigate this. 

3. Simplified SERVQUAL Mapping: 

Mapping was based on the highest cosine similarity of keywords to SERVQUAL 

dimension embeddings. Some words may relate to multiple dimensions, but this 

method assigns them to only one, potentially oversimplifying nuanced feedback. 

4. Single Source of Data: 

Analysis was limited to TripAdvisor reviews for one hotel. Broader datasets 

across platforms and properties would improve generalizability. 

In summary, the discussion shows that integrating text mining with SERVQUAL 

successfully uncovers actionable insights. The approach excels at handling large-scale 

reviews and generating sentiment-specific keyword lists aligned with service quality 

dimensions. Nevertheless, addressing model limitations and expanding keyword diversity 

will be vital for future iterations. 
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6. CHAPTER VI  

CLOSING 

6.1 Conclusion 

This study successfully integrated text mining techniques with the SERVQUAL framework 

to analyze customer feedback and improve service quality in the hospitality industry. By 

analyzing 20,491 TripAdvisor reviews from Kimpton Hotel Monaco Seattle, we identified 

significant service quality gaps in the areas of Tangibles and Responsiveness. Guests 

expressed dissatisfaction with the physical facilities, particularly regarding cleanliness and 

outdated decor, as well as the speed of service, especially during check-in. 

The findings align with existing literature, which underscores the importance of 

physical facilities in shaping customer satisfaction (Bayad Ali, 2021). Moreover, the 

negative sentiment surrounding Responsiveness mirrors findings in previous studies that 

show how slow service can detract from the overall guest experience (Ghosh et al., 2020). 

This study contributes to the field by demonstrating how text mining, combined with 

SERVQUAL, can provide a scalable, real-time method for analyzing guest feedback across 

multiple dimensions of service quality. 

The research also contributes to Industrial Engineering by offering a systematic 

framework that can be used to optimize service systems and improve operational efficiency. 

The integration of natural language processing (NLP) with service quality models allows 

hospitality managers to act on real-time data, prioritizing service improvements in a more 

efficient and targeted manner. 

This study successfully addressed the examiners’ feedback by implementing 

sentiment-specific keyword extraction, as demonstrated by the sample reviews (Table 4.9). 

By using predefined positive and negative keyword lists with TF-IDF, the framework 

ensures that keywords align with review sentiment, enhancing the relevance of SERVQUAL 

mappings for reviews 1–4. For instance, negative keywords like “uncomfortable” correctly 

identified Tangibles issues, while positive keywords like “great” highlighted Empathy 

strengths. Despite a misclassification in review 5, the framework contributes to Industrial 
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Engineering by offering a scalable, data-driven approach to analyze unstructured feedback, 

enabling hospitality managers to prioritize service improvements based on sentiment-

specific insights. 

In conclusion, the findings from this study offer valuable insights for hospitality 

managers aiming to improve guest satisfaction. By addressing key service quality gaps in 

Tangibles and Responsiveness, hotels can enhance their reputation, increase customer 

loyalty, and ultimately boost revenue. These results demonstrate the power of combining 

advanced data analytics with traditional service quality frameworks to drive operational 

excellence in the hospitality industry.  

6.2 Recommendations  

Based on the findings from this study, the following strategic actions are recommended to 

improve service quality at Kimpton Hotel Monaco Seattle and similar hospitality 

establishments: 

1. Immediate Actions (Short-term Improvements): 

• Renovate Tangibles: Address cleanliness and outdated decor by implementing a 

room renovation schedule. Focus on rooms that receive the most negative reviews 

and prioritize deep cleaning to meet guest expectations. 

• Enhance Responsiveness: Streamline the check-in/check-out process by introducing 

mobile check-in and ensuring staff training in efficient guest interaction during peak 

hours. The goal is to reduce wait times and improve guest satisfaction from the 

moment they arrive. 

• Increase Staff Efficiency: During high-traffic periods, introduce additional staff to 

handle check-ins and guest inquiries, ensuring that service delays are minimized. 

2. Long-term Actions (Strategic Changes): 

• Upgrade Facilities: Beyond room renovations, the hotel should consider upgrading 

public spaces such as the lobby, restaurant, and gym to meet higher guest 

expectations. Ensure that the facilities are not only modern but also functionally 

efficient. 

• Implement Technology for Service Efficiency: Invest in a comprehensive CRM 

system to gather data on guest preferences and personalized services. A digital guest 

service app could allow customers to make real-time requests, reducing service 

delays. 
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• Staff Training Programs: Regularly update training materials to ensure staff are up 

to date with the latest best practices for guest interaction, focusing on empathy, 

professionalism, and problem-solving skills. Customer feedback should be 

incorporated into training to improve service consistently. 

6.3 Future Work 

While this study provides valuable insights into service quality gaps at Kimpton Hotel 

Monaco Seattle, several avenues for future research remain. These include: 

1. Multi-Hotel Studies: Extending this research to other hotels or hotel chains would 

provide a broader understanding of service quality gaps across different regions and 

hotel types. This could include comparative studies between luxury, budget, and mid-

range hotels to assess if the identified gaps are consistent across different market 

segments. 

2. Incorporating Digital Service Quality Metrics: Future research could extend the 

SERVQUAL model to include digital service quality metrics, such as guest 

experiences with online booking systems, mobile app functionalities, and virtual 

concierge services. As more guests use digital channels, these factors are becoming 

increasingly important for overall satisfaction. Future research should address the 

sentiment misclassification observed in review 5 (Table 4.9), where positive content 

was incorrectly labeled NEGATIVE. This could involve fine-tuning DistilBERT on 

a hospitality-specific dataset to improve its handling of mixed sentiments or 

colloquial language. Additionally, dynamic keyword generation, based on frequency 

analysis of positive and negative reviews, could expand the keyword lists to include 

more domain-specific terms (e.g., “noisy,” “cozy”). Incorporating multi-platform 

reviews (e.g., Google Reviews, Booking.com) and advanced NLP models like 

RoBERTa could further enhance the framework’s robustness and generalizability. 

3. Temporal Sentiment Trends: Analyzing how customer feedback evolves over time 

could offer valuable insights into seasonal trends, promotions, or external factors 

(e.g., economic conditions) that may influence guest satisfaction. This approach 

would help identify if and when certain issues arise and whether they are seasonal or 

situational. 

4. Refining the Methodology: As NLP models continue to advance, future studies could 

incorporate more sophisticated models (e.g., RoBERTa or GPT-based classifiers) for 
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deeper context understanding and better sentiment classification. These models could 

help detect more complex sentiments, such as sarcasm, mixed emotions, and nuances 

that may have been missed in this study. 

5. Future research should address the sentiment misclassification observed in review 5 

(Table 4.9), where positive content was incorrectly labeled NEGATIVE. This could 

involve fine-tuning DistilBERT on a hospitality-specific dataset to improve its 

handling of mixed sentiments or colloquial language. Additionally, dynamic 

keyword generation, based on frequency analysis of positive and negative reviews, 

could expand the keyword lists to include more domain-specific terms (e.g., “noisy,” 

“cozy”). Incorporating multi-platform reviews (e.g., Google Reviews, Booking.com) 

and advanced NLP models like RoBERTa could further enhance the framework’s 

robustness and generalizability 
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8. APPENDIX 

8.1 Appendix A: Sample Reviews for Methodology Illustration 

The following table presents five sample reviews used to demonstrate the sentiment-specific 

keyword extraction process, as discussed in Chapter IV. The table includes review text, 

rating, cleaned text, sentiment, sentiment score, top keywords, and SERVQUAL dimension 

mapping. 

S.No. Review 

(Excerpt) 

Rating Sentiment Sentiment 

Score 

Top  

Keywords 

SERVQUAL 

Dimension 

1 "nice hotel 

expensive 

parking..." 

4 NEGATI

VE 

0.9888165 ['broken', 

'rude', 

'awful', 

'terrible', 

'uncomforta

ble'] 

Tangibles 

2 "ok nothing 

special 

charge 

diamond 

member..." 

2 NEGATI

VE 

0.99758577

3 

['broken', 

'rude', 

'awful', 

'terrible', 

'uncomforta

ble'] 

Responsivene

ss 

3 "nice rooms 

not 4* 

experience.

.." 

3 NEGATI

VE 

0.98445421

5 

['broken', 

'rude', 

'awful', 

'terrible', 

'uncomforta

ble'] 

Tangibles 
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4 "unique 

great stay 

wonderful 

time..." 

5 POSITIV

E 

0.99455452 ['great', 

'helpful', 

'fantastic', 

'awesome', 

'amazing'] 

Empathy 

5 "great stay 

great stay 

went 

seahawk 

game..." 

5 NEGATI

VE 

0.99421095

8 

['broken', 

'rude', 

'awful', 

'terrible', 

'uncomforta

ble'] 

Tangibles 

 

8.2 Appendix B: The code 
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