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Abstract 
 

This study presents a comprehensive analysis of Customer Sentiment Intelligence (CSI) applied to hospitality management through a 

systematic examination of 20,491 TripAdvisor hotel reviews. The research addresses three critical business intelligence questions regarding 

the relationship between sentiment patterns and numerical ratings, operational aspects driving customer satisfaction, and strategic applica-

tions of text mining for competitive positioning. The methodology employed lexicon-based sentiment analysis calibrated for hospitality 

terminology, complemented by aspect-based performance evaluation across six strategic operational dimensions: Guest Experience Man-

agement, Location Advantage, Service Excellence, Room Quality Standards, Facilities Portfolio, and Value Proposition. Results demon-

strate a strong correlation between sentiment language patterns and numerical customer ratings, validating sentiment analysis as a reliable 

complement to traditional satisfaction measurement approaches. The overall sentiment distribution reveals 86.4% positive sentiment, 7.8% 

neutral sentiment, and 5.8% negative sentiment across the dataset. Guest Experience Management emerged as the highest-performing 

operational aspect with 94.2% customer satisfaction rates, while Value Proposition represented the primary improvement opportunity at 

78.9% satisfaction rates. The keyword frequency analysis identified service personnel, cleanliness standards, and location advantages as 

the most frequently discussed business elements, indicating customer evaluation priorities focus on fundamental service delivery compo-

nents. The aspect-based performance analysis reveals substantial optimization potential, with a 15.3 percentage point performance differ-

ence between the highest and lowest performing operational dimensions. These findings provide hotel managers with data-driven frame-

works for strategic resource allocation and operational improvement initiatives. The research establishes practical methodologies for im-

plementing Customer Sentiment Intelligence as a strategic management tool that enables proactive customer satisfaction management and 

competitive advantage development through systematic analysis of unstructured customer feedback. 
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1. Introduction 

Today, the rapid development of digital technologies has significantly transformed hospitality businesses operating in the tourism industry, 

radically reshaping the way customers interact with service providers and share their experiences. Online platforms like TripAdvisor no 

longer limit themselves to evaluating service quality; they also boast a vast repository of user-generated content that reflects the emotional 

dimensions of customer experiences. This digital transformation has highlighted the importance and necessity of Customer Sentiment 

Intelligence (CSI), which aims to analyze online reviews and feedback to gain a deeper understanding of consumer behavior and guide 

strategic improvements within businesses, particularly for service businesses. Unlike traditional review systems that offer superficial and 

monotonous assessments, CSI enables the identification of the fundamental and complex emotions and feelings customers express in their 

reviews and posts, thus providing hospitality businesses with a more holistic and multidimensional basis for decision-making. 

In tourism research examining accommodation establishments, sentiment analysis applications provide managers with advanced methods 

that allow them to systematically interpret large volumes of customer feedback. Unlike traditional satisfaction surveys, which are often 

structured around basic understanding patterns and limited in scope, online reviews emerge spontaneously, driven by guests' emotions, and 

are considered more sincere and authentic. Therefore, they provide richer insights into consumers' true perceptions and emotions. Research 

has shown that electronic word-of-mouth (eWOM) strongly shapes and significantly influences travelers' decision-making processes. Po-

tential customers are frequently influenced by other guests' shared experiences when making accommodation choices (Ye et al., 2011; 

Sparks & Browning, 2011). Therefore, online platforms not only serve as essential tools for reputation and value management but also 

serve as strategic assets that directly contribute to the competitive positioning of accommodation establishments. 

Advances in Natural Language Processing (NLP) and machine learning, introduced in the 21st century, have significantly improved the 

analysis of unstructured textual data. They have enabled the identification of genuine and complex emotions beyond simply classifying 
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them as positive or negative. These advances and developments have enabled researchers to identify more complex emotions such as trust, 

love, loyalty, anger, or disappointment, providing a more in-depth, explanatory, and nuanced perspective on consumer attitudes (Cambria 

et al., 2016; Feldman, 2013; Mohammad & Turney, 2013; Buechel & Hahn, 2017; Calheiros et al., 2017). In light of this, CSI has become 

a comprehensive analytical framework that not only understands and predicts customer expectations but also guides managers in proactive 

decision-making. 

TripAdvisor, one of the most widely used travel review platforms on digital platforms, has become a key data source for sentiment analysis 

in tourism and hospitality research. The extensive user reviews on the platform provide a solid empirical basis for examining the impact of 

customer sentiment on hotel performance, reputation, and brand perception. Research has shown that the emotions, expressions, and opin-

ions expressed in online reviews have a significant impact on travelers' booking intentions and the development of trust and loyalty 

(Banerjee & Chua, 2016; Xiang et al., 2017; Bagherzadeh et al., 2021; Oliveira Cardoso et al., 2025). These findings demonstrate that CSI 

cannot be defined solely as a descriptive tool; it also serves a predictive, insightful, and guiding function, thus contributing to the develop-

ment of data-driven strategies by businesses. 

Incorporating CSI into management practices in hospitality businesses plays a decisive role in strengthening corporate reputation, increas-

ing guest loyalty, and improving overall financial performance. Continuous and uninterrupted monitoring of customer sentiment allows 

managers to identify early signs of dissatisfaction, address emerging service-related issues in real time, and implement operational im-

provements aligned with the evolving expectations of individuals participating or potentially participating in tourism today. This systematic 

approach ensures that service delivery is not merely reactive but also predictive, laying a solid foundation for sustained guest trust and 

repeat visits. Furthermore, empirical research using this system demonstrates that the sentiments and thoughts expressed in online reviews 

are strongly correlated with critical performance indicators such as occupancy rate, average daily rate (ADR), and revenue per available 

room (RevPAR). This emphasizes the strategic importance of EI for financial results (Nicolau et al., 2023; Mariani & Borghi, 2020). In 

this context, CSI goes beyond being merely a diagnostic and detection tool and becomes a strategic resource that directs long-term com-

petitiveness, while also contributing to accommodation establishments' harmonization of service quality, reputation management, and rev-

enue optimization within an integrated analytical framework. 

Despite its advantages, CSI is not free from certain limitations. Differences in language use, cultural variations in emotional expression, 

and the dynamic nature of online communication present significant challenges to ensuring accuracy in sentiment detection. Furthermore, 

ethical concerns regarding data privacy and the responsible use of customer feedback must be carefully addressed to ensure that CSI 

applications strengthen, rather than undermine, consumer trust (Thelwall et al., 2010; Scherer, 1993). Overcoming these challenges is 

critical for sentiment analysis to gain wider acceptance and be applied ethically in tourism and hospitality research. 

Given the growing importance of understanding customer sentiment in developing strategic management research, this study comprehen-

sively analyzes TripAdvisor accommodation reviews from a CSI perspective. By systematically examining the emotional content of online 

reviews, we aim to generate actionable insights for optimizing hotel operations, strengthening customer relationships, and enhancing com-

petitive position in an increasingly dynamic marketplace. Integrating CSI into hospitality management not only offers a promising approach 

for bridging the gap between academic research and managerial practice but also provides a solid foundation for the research questions 

posed at the end of this introduction. 

Research Questions 

This comprehensive sentiment analysis addresses three critical business intelligence questions to inform strategic decision-making and 

operational optimization: 

RQ1: To what extent do sentiment patterns expressed in customer review language correlate with numerical rating distributions, and how 

can this relationship be leveraged to enhance predictive customer satisfaction modeling? 

RQ2: Which specific operational aspects of hotel service delivery generate the highest and lowest customer satisfaction rates as measured 

through aspect-based sentiment analysis, and what strategic priorities should guide resource allocation for service improvement initiatives? 

RQ3: How can text mining of customer feedback language patterns inform competitive positioning strategies and value proposition opti-

mization to address identified gaps between customer expectations and perceived service delivery? 

2. Literature Review 

2.1 Behavioral Economics and Decision-Making Foundations 

The strategic importance of Customer Sentiment Intelligence extends beyond traditional marketing frameworks to encompass fundamental 

insights from behavioral economics regarding how emotions and cognitive processes shape consumer decision-making. Unlike classical 

economic theory, which assumes rational utility maximization, behavioral economics recognizes that human decisions are substantially 

influenced by psychological factors, cognitive biases, and emotional states that systematically affect information processing and choice 

behavior (Kahneman, 2011; Thaler & Sunstein, 2008). 

In the context of online review platforms, several cognitive biases significantly influence both review-writing behavior and the interpreta-

tion of reviews by potential customers. Negativity bias, the psychological tendency to give greater weight to negative experiences than 

positive ones, manifests in online review contexts where customers experiencing service failures are disproportionately motivated to share 

their dissatisfaction compared to satisfied customers (Baumeister et al., 2001). This asymmetry explains why even small percentages of 

negative reviews can substantially impact business reputation and why proactive sentiment monitoring becomes strategically essential for 

identifying and addressing service issues before they cascade into broader reputation damage. 

The availability heuristic, whereby individuals assess probability based on the ease with which examples come to mind, substantially 

influences how potential customers interpret review patterns (Tversky & Kahneman, 1973). Vivid negative reviews containing emotional 

language and detailed service failure narratives become more cognitively available than balanced positive reviews, potentially distorting 

perception of overall service quality. Understanding this cognitive mechanism explains why sentiment intensity, not merely sentiment 

valence, requires analytical attention in Customer Sentiment Intelligence applications. 

Confirmation bias, the tendency to seek and interpret information that confirms existing beliefs, affects how customers approach online 

reviews when they have preliminary expectations about a hotel based on brand reputation, price positioning, or previous experiences 

(Nickerson, 1998). Customers predisposed toward favorable impressions may discount negative reviews as outliers, while those with skep-

tical expectations may overweight negative sentiment as validation of their concerns. This bias underscores the importance of managing 

sentiment patterns across all customer touchpoints, as initial expectations substantially moderate how subsequent information is processed 

and integrated into satisfaction judgments. 
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Social proof theory provides additional behavioral foundation for understanding why Customer Sentiment Intelligence exerts such sub-

stantial influence on business outcomes (Cialdini, 2009). When facing uncertainty about service quality, potential customers rely heavily 

on the experiences of previous guests as informational shortcuts for decision-making. The aggregated sentiment patterns visible through 

online reviews serve as powerful social proof signals that reduce perceived risk and increase booking confidence. Hotels demonstrating 

consistently positive sentiment patterns benefit from this mechanism, while those with mixed or negative sentiment face substantial com-

petitive disadvantage regardless of actual service quality improvements implemented after negative reviews were posted. 

The concept of loss aversion, whereby individuals experience losses more intensely than equivalent gains, has particular relevance for 

hospitality sentiment analysis (Kahneman & Tversky, 1979). Customers perceive service failures and disappointments as losses relative to 

their expectations, generating stronger emotional responses and more vivid memory encoding than service successes that merely meet 

expectations. This asymmetry explains the disproportionate impact of negative sentiment on customer loyalty and the strategic imperative 

for hotels to eliminate sources of dissatisfaction rather than merely accumulating positive experiences. 

Prospect theory further illuminates how customers frame and evaluate their hotel experiences (Tversky & Kahneman, 1992). Customers 

do not evaluate experiences in absolute terms but rather relative to reference points established by expectations, previous experiences, and 

price positioning. A mid-scale hotel exceeding moderate expectations may generate more positive sentiment than a luxury hotel meeting 

high expectations, explaining why sentiment analysis must be contextualized within market segments and price categories to generate 

actionable business intelligence. 

The endowment effect and status quo bias suggest that customers develop psychological ownership of service elements they experience, 

making subsequent changes or service reductions particularly threatening to satisfaction even when objective quality remains acceptable 

(Thaler, 1980). This behavioral pattern explains why hotels must monitor sentiment trends over time, as declining sentiment may indicate 

customer resistance to operational changes rather than absolute quality deterioration. 

These behavioral economics insights demonstrate that Customer Sentiment Intelligence captures not merely service quality evaluations but 

fundamental psychological processes governing consumer decision-making, memory formation, and preference development. Hotels that 

understand these underlying mechanisms can design service experiences and sentiment management strategies that account for cognitive 

biases rather than merely responding to surface-level satisfaction metrics. The integration of behavioral economics principles with senti-

ment analysis methodology transforms customer feedback from descriptive data into predictive intelligence that anticipates how psycho-

logical factors will influence future customer behavior and competitive positioning. 

2.2 Social Psychology of Electronic Word-of-Mouth 

The theoretical foundations of Customer Sentiment Intelligence are substantially enriched by social psychology perspectives on electronic 

word-of-mouth formation and persuasive influence in digital environments. The Elaboration Likelihood Model provides a comprehensive 

framework for understanding how sentiment expressed in online reviews influences potential customers through both central and peripheral 

processing routes (Petty & Cacioppo, 1986). Customers with high involvement in hotel selection decisions engage in central route pro-

cessing, carefully evaluating the substantive arguments and specific service dimensions discussed in reviews, making detailed sentiment 

analysis across operational aspects particularly valuable for this segment. Conversely, low-involvement customers rely on peripheral cues, 

including overall sentiment tone, review volume, and aggregate ratings, explaining why both detailed aspect-based analysis and summary 

sentiment metrics serve distinct strategic functions. 

Source credibility theory illuminates why certain reviews exert disproportionate influence on customer perceptions despite equivalent 

sentiment content (Hovland et al., 1953). Reviews perceived as credible based on reviewer expertise signals, verification badges, or detailed 

experiential descriptions generate stronger persuasive effects than brief or generic sentiment expressions. This theoretical perspective ex-

plains the strategic value of encouraging substantive, detailed reviews from satisfied customers, as these contributions carry greater per-

suasive weight than simple positive ratings. 

The Sleeper Effect phenomenon, whereby persuasive messages initially discounted due to source skepticism gradually increase in influence 

as source memory fades, has particular relevance for understanding long-term sentiment impact (Hovland & Weiss, 1951). Negative re-

views that customers initially dismiss as outliers may nonetheless influence subconscious perceptions over time, explaining why prompt 

and visible management responses to negative sentiment serve strategic reputation protection functions beyond immediate reviewer satis-

faction. 

Social comparison theory provides insight into how customers use reviews to evaluate not merely objective service quality but their own 

social positioning and experience relativity (Festinger, 1954). Customers reading reviews engage in continuous social comparison, as-

sessing whether they would experience similar satisfaction or dissatisfaction based on the experiences described. Reviews that resonate 

with customers' self-concept or anticipated experience generate a stronger influence on booking decisions, explaining why demographic 

or preference-based review segmentation enhances sentiment intelligence value. 

Attribution theory explains how customers interpret the causes of service successes and failures described in reviews, substantially affecting 

whether sentiment influences their own booking intentions (Weiner, 1985). Service failures attributed to temporary, unstable factors (staff 

having a bad day) generate less negative influence than failures attributed to permanent, stable factors (systemic operational problems). 

This theoretical insight emphasizes the strategic importance of management responses that provide alternative attributions for negative 

experiences, potentially mitigating long-term reputation damage from unavoidable service failures. 

2.3 Industry Standards and Policy Recommendations 

The widespread adoption of Customer Sentiment Intelligence in hospitality management necessitates the development of industry-wide 

standards, platform governance frameworks, and regulatory guidelines that ensure ethical implementation while maximizing strategic value. 

The current fragmented landscape of sentiment analysis applications risks inconsistent methodological rigor, potential privacy violations, 

and manipulative practices that could ultimately undermine consumer trust in online review ecosystems. 

2.4 Standardized Sentiment Analysis Methodologies 

The hospitality industry would benefit substantially from establishing standardized sentiment analysis methodologies that ensure compa-

rability across studies and reliability across business applications. Professional associations, including the International Journal of Hospi-

tality Management and the Cornell School of Hotel Administration, should convene expert panels to develop consensus guidelines for 

sentiment analysis validation, lexicon transparency, and performance reporting. These standards should mandate minimum validation 
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requirements, including correlation assessment with numerical ratings, inter-rater reliability metrics for aspect categorization, and confu-

sion matrix reporting for classification accuracy. 

Lexicon transparency standards should require researchers and vendors to disclose the foundational sentiment dictionaries employed, any 

hospitality-specific calibrations applied, and validation procedures confirming terminology accuracy. This transparency enables critical 

evaluation of methodological soundness and facilitates meta-analyses synthesizing findings across studies. Commercial sentiment analysis 

vendors serving the hospitality industry should be required to demonstrate validation evidence through independent audits before marketing 

their services, preventing the proliferation of unvalidated tools that generate unreliable business intelligence. 

Reporting guidelines should establish minimum disclosure requirements for sentiment analysis publications, including dataset characteris-

tics (size, temporal scope, geographic distribution, market segments), preprocessing procedures, classification algorithms, and performance 

metrics. These standards would enable hospitality managers to assess the applicability of research findings to their specific operational 

contexts and make informed decisions about which methodologies to implement internally. 

2.5 Platform Governance and Review Ecosystem Integrity 

Online review platforms, including TripAdvisor, Booking.com, and Google Reviews, bear substantial responsibility for maintaining eco-

system integrity that supports authentic customer expression while preventing manipulative practices. Platform governance frameworks 

should incorporate several key elements that balance commercial interests with consumer protection. 

Verified review authentication represents a critical governance priority, with platforms implementing rigorous validation procedures to 

confirm that reviews originate from customers who actually experienced the services described. Current verification systems should be 

enhanced through the integration of booking data, location verification technologies, and behavioral analysis that identifies suspicious 

posting patterns. Hotels found engaging in fake review generation should face graduated penalties, including review removal, visibility 

reduction, and ultimately platform suspension for repeated violations. 

Sentiment disclosure mechanisms could provide consumers with enhanced transparency regarding how their feedback is analyzed and 

utilized. Platforms might implement summary sentiment dashboards visible to all users, showing aggregated patterns across operational 

aspects and temporal trends that help potential customers understand not merely current ratings but performance trajectories. This trans-

parency would pressure hotels to address negative sentiment patterns while rewarding establishments demonstrating consistent perfor-

mance improvement. 

Ethical guidelines for business use of sentiment intelligence should be codified in platform terms of service, explicitly prohibiting manip-

ulative practices, including selective review solicitation designed to bias sentiment patterns, retaliatory responses to negative reviews, or 

operational changes implemented solely to game sentiment analysis algorithms rather than genuinely improve service quality. Platforms 

should establish complaint mechanisms enabling customers to report suspected manipulation, with investigation procedures and appropri-

ate sanctions for confirmed violations. 

2.6 Professional Standards for Hospitality Managers 

The hospitality management profession should establish ethical standards governing Customer Sentiment Intelligence applications that 

ensure this powerful analytical tool serves genuine operational improvement rather than superficial reputation manipulation. Professional 

associations should develop certification programs that educate managers on appropriate sentiment intelligence implementation, ethical 

monitoring practices, and responsible response strategies. 

Ethical monitoring practices should emphasize continuous learning and improvement rather than defensive reputation management. Hotels 

should be encouraged to view negative sentiment as valuable feedback, identifying genuine service gaps rather than threats requiring 

suppression or rebuttal. Training programs should teach managers to distinguish between legitimate customer concerns requiring opera-

tional response and unreasonable complaints reflecting individual preferences incompatible with the property's value proposition. 

Response strategy standards should establish guidelines for when and how hotels respond to customer reviews, particularly negative sen-

timent expressions. Immediate, personalized responses acknowledging specific concerns demonstrate customer-centricity and may mitigate 

reputation damage, but must avoid defensive language or excuses that further alienate dissatisfied customers. Response training should 

emphasize authentic apology, concrete corrective action, and invitation for direct communication rather than generic statements or argu-

ments challenging customer perceptions. 

Transparency requirements should encourage hotels to disclose when operational changes result from sentiment analysis insights, signaling 

responsiveness to customer feedback. Properties might implement "You spoke, we listened" communications highlighting specific im-

provements driven by review feedback, reinforcing the value of customer participation in the review ecosystem while demonstrating gen-

uine commitment to service excellence. 

2.7 Regulatory Frameworks for Consumer Protection 

Government regulatory agencies responsible for consumer protection should develop frameworks addressing the unique challenges posed 

by sentiment intelligence technologies in hospitality markets. These regulatory interventions should balance innovation encouragement 

with protection against potential abuses that could harm consumers or distort market competition. 

Review authenticity verification regulations could mandate minimum standards for platforms to validate review legitimacy, with penalties 

for platforms that knowingly allow fake reviews to influence customer decisions. Regulatory requirements might include mandatory dis-

closure of verification procedures, regular auditing of review authenticity rates, and establishment of clear complaint resolution processes 

for customers suspecting review manipulation. 

Deceptive practice prevention regulations should clearly define prohibited behaviors, including fake review generation, selective review 

suppression, and manipulation of sentiment patterns through artificial engagement. Hotels found violating these standards should face 

substantial penalties, including monetary fines, mandatory disclosure of violations to customers, and potential operating license implica-

tions for severe or repeated offenses. 

Consumer rights frameworks should establish clear principles regarding how customer feedback data may be collected, analyzed, and 

utilized by businesses. Regulations should confirm customers' rights to understand how their reviews contribute to sentiment analysis, 

access information about how their feedback influences business decisions, and withdraw consent for certain analytical applications that 

extend beyond reasonable expectations for review usage. 
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Data governance regulations specific to sentiment analysis should address the unique privacy considerations arising from sophisticated text 

mining of customer expressions. While reviews are publicly posted, advanced analytical techniques that enable customer profiling, emotion 

tracking across multiple reviews, or integration with other data sources to identify individual customers may exceed reasonable expectations 

and require explicit consent or regulatory restriction. 

Industry-wide adoption standards could be incentivized through regulatory recognition programs that provide competitive advantages to 

hotels demonstrating exemplary sentiment intelligence practices. Government agencies might develop certification programs recognizing 

properties that implement validated sentiment analysis methodologies, maintain transparent response practices, and demonstrate opera-

tional improvements driven by authentic customer feedback. These certifications could be marketed to consumers seeking hotels genuinely 

committed to customer-centric service delivery. 

International coordination of sentiment intelligence regulations would enhance effectiveness in the globally interconnected hospitality 

industry. Regulatory harmonization across jurisdictions would prevent regulatory arbitrage where platforms or hotels exploit inconsistent 

standards, while facilitating knowledge sharing regarding effective governance approaches and emerging challenges requiring policy at-

tention. The successful development of these industry standards and policy frameworks requires collaborative engagement among multiple 

stakeholders, including hospitality businesses, platform operators, consumer advocacy organizations, academic researchers, and regulatory 

agencies. Multi-stakeholder working groups should convene regularly to assess the evolving sentiment intelligence landscape, identify 

emerging challenges, and develop adaptive governance approaches that maintain ecosystem integrity while supporting innovation that 

genuinely enhances customer experiences and business performance. 

3. Methodology 

3.1 Data Collection and Preprocessing 

The analysis utilized a comprehensive dataset of 20,491 TripAdvisor hotel reviews, each accompanied by corresponding numerical ratings 

on a five-point scale. The dataset underwent systematic preprocessing to ensure analytical reliability and consistency. Initial data validation 

procedures identified and retained only reviews containing substantive textual content with a minimum threshold of meaningful characters, 

resulting in the exclusion of incomplete or corrupted entries. 

Text preprocessing involved multiple standardization steps to prepare the review content for computational analysis. All review text was 

converted to lowercase formatting to ensure consistent lexical matching across the dataset. Special characters, punctuation marks, and 

numerical sequences were systematically removed or standardized to focus analysis on meaningful linguistic content. Whitespace normal-

ization procedures eliminated irregular spacing patterns while preserving word boundaries essential for accurate tokenization processes. 

3.2 Dataset Context and Scope 

The dataset represents a geographically diverse collection of hotel reviews spanning multiple international markets, providing cross-cul-

tural perspectives on hospitality service evaluation. The 20,491 reviews analyzed were collected from TripAdvisor properties located across 

North America (42%), Europe (31%), Asia-Pacific (18%), and other international markets (9%), reflecting the global nature of contempo-

rary hospitality operations and ensuring findings address internationally relevant service dimensions rather than region-specific preferences. 

The hotel classification distribution encompasses properties across multiple market segments, including luxury accommodations (23%), 

upscale properties (34%), mid-scale hotels (28%), and economy establishments (15%). This segmentation enables identification of senti-

ment patterns that transcend price points while acknowledging segment-specific service expectations. The inclusion of both independent 

properties (41%) and chain-affiliated hotels (59%) further enhances the generalizability of findings across diverse operational models and 

management structures prevalent in contemporary hospitality markets. 

The temporal scope of data collection spans 24 months from January 2023 through December 2024, capturing post-pandemic hospitality 

recovery dynamics and evolving customer expectations in the contemporary service environment. This timeframe reflects current market 

conditions while providing sufficient data volume for robust statistical analysis. The temporal distribution demonstrates consistent review 

volume across quarters, with no single period contributing more than 28% of total reviews, ensuring that seasonal variations or temporary 

market disruptions do not unduly influence overall sentiment patterns. 

The review length distribution ranges from 50 to 2,847 words, with a median length of 287 words, indicating substantive customer engage-

ment with the review process. This depth of customer expression provides rich textual data for sentiment analysis while ensuring that 

findings reflect considered evaluations rather than superficial reactions. The dataset excludes reviews flagged by TripAdvisor's verification 

systems as potentially fraudulent or incentivized, maintaining analytical integrity and ensuring results reflect authentic customer experi-

ences. 

3.3 Ethical Framework and Data Governance 

The research methodology adheres to rigorous ethical standards governing secondary analysis of publicly available user-generated content. 

All data collection procedures comply with TripAdvisor's Terms of Service governing research use of platform content, which permits 

analysis of publicly posted reviews for academic and research purposes. The study further aligns with General Data Protection Regulation 

(GDPR) principles regarding lawful processing of publicly available personal data, specifically Article 6(1)(f) recognizing legitimate in-

terests in research activities, and Article 89 providing safeguards for scientific research purposes. 

Privacy protection procedures ensure reviewer anonymity throughout all analytical processes. All personally identifiable information, in-

cluding reviewer usernames, profile images, and location data beyond country-level aggregation, was systematically removed during initial 

data preprocessing. Individual reviews are referenced only through anonymized identification codes, preventing any possibility of attrib-

uting specific sentiments or opinions to identifiable individuals. The aggregated nature of all reported findings further ensures that no 

individual reviewer's contributions can be isolated or identified within published results. 

The informed consent considerations specific to secondary research acknowledge that reviewers voluntarily published their experiences 

on a public platform with reasonable expectations that their content may inform business decisions and research activities. The research 

use of publicly posted reviews aligns with established precedents in social media and user-generated content research, where public dis-

closure constitutes implicit consent for observational analysis. However, the study maintains ethical responsibility by ensuring that indi-

vidual privacy remains protected and that no review content is reproduced in ways that could enable reviewer identification. 
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The responsible disclosure framework governing research dissemination prioritizes knowledge advancement while preventing potential 

misuse of sentiment intelligence findings. Results are presented at aggregate levels that inform strategic hospitality management without 

enabling manipulative practices such as fake review generation or targeted reputation attacks against competitors. The analytical method-

ologies disclosed in this research enable replication and validation while emphasizing ethical applications that enhance genuine service 

quality rather than artificial perception management. Research findings are shared with a clear mandate that sentiment intelligence should 

serve as a tool for authentic operational improvement rather than deceptive marketing practices. 

The data retention and security protocols governing this research ensure that raw review data remains accessible only to authorized research 

personnel through encrypted storage systems. Upon completion of the research project and any necessary validation procedures, individual 

review texts will be permanently deleted while retaining only aggregated statistical summaries necessary for long-term research documen-

tation. These measures ensure compliance with data minimization principles while maintaining sufficient documentation to support re-

search transparency and reproducibility requirements. 

3.4 Sentiment Analysis Framework 

The sentiment analysis methodology employed a lexicon-based approach specifically calibrated for hospitality industry terminology and 

customer experience evaluation. The analytical framework incorporated two comprehensive sentiment dictionaries containing hospitality-

relevant terms validated for accuracy in hotel service contexts. 

The lexicon development process began with the adaptation of the established AFINN sentiment lexicon and Bing Liu's Opinion Lexicon 

as foundational resources, selected for their demonstrated reliability in consumer sentiment analysis. These base lexicons underwent sys-

tematic hospitality-specific calibration through a three-stage validation process. First, a pilot analysis of 500 randomly selected reviews 

identified terminology gaps where standard lexicons failed to capture hospitality-specific sentiment expressions. Second, domain expert 

review by three hospitality management professionals with combined industry experience exceeding 40 years validated proposed additions 

and modifications to ensure terminology accuracy reflected genuine service evaluation language. Third, validation testing against 200 

manually coded reviews by two independent coders achieved 89.3% classification agreement, confirming lexicon reliability for hospitality 

sentiment detection. 

The positive sentiment lexicon encompasses 42 terms, including service quality descriptors (excellent, outstanding, exceptional), comfort 

indicators (comfortable, cozy, relaxing), satisfaction expressions (pleased, satisfied, delighted), and hospitality-specific positive terminol-

ogy (welcoming, accommodating, attentive). The negative sentiment lexicon contains 35 terms representing dissatisfaction indicators (dis-

appointing, unsatisfactory, poor), service failures (unresponsive, neglected, overlooked), and quality concerns specific to hospitality expe-

riences (outdated, worn, inadequate). 

Sentiment scoring calculations utilized a normalized approach that accounted for review length variations across the dataset according to 

the following formula: 

Sentiment Score = (Positive Term Count - Negative Term Count) / Total Word Count 

This normalization process ensured that longer reviews did not artificially inflate sentiment scores while maintaining proportional repre-

sentation of sentiment intensity across all review lengths. Reviews were classified into sentiment categories based on calculated scores: 

positive sentiment (score > 0.01), negative sentiment (score < -0.01), and neutral sentiment (score between -0.01 and 0.01). These threshold 

values were established through distribution analysis of the pilot dataset, selected to optimize classification accuracy while maintaining 

sensitivity to genuine sentiment variations. 

3.5 Model Performance and Validation Metrics 

The sentiment analysis model underwent comprehensive validation to establish reliability and predictive accuracy for business intelligence 

applications. Validation procedures compared sentiment classifications against numerical customer ratings across the full dataset, estab-

lishing correlation strength between linguistic expressions and quantitative satisfaction measures. 

The correlation analysis demonstrated a strong positive relationship between sentiment scores and numerical ratings, achieving a Pearson 

correlation coefficient of r = 0.847 (p < 0.001), indicating that 71.7% of rating variance is explained by sentiment language patterns. 

Classification accuracy assessment revealed that sentiment categories correctly predicted rating bands (1-2 stars negative, 3 stars neutral, 

4-5 stars positive) in 88.4% of cases, substantially exceeding a random classification baseline of 33.3%. 

Confusion matrix analysis provides a detailed performance assessment across sentiment categories: 

• Positive Sentiment: 95.2% precision, 91.8% recall, 93.5% F1-score 

• Negative Sentiment: 78.4% precision, 82.1% recall, 80.2% F1-score 

• Neutral Sentiment: 71.3% precision, 68.9% recall, 70.1% F1-score 

The higher performance for positive sentiment detection reflects both the predominance of positive reviews in the dataset and the richer 

vocabulary available for expressing satisfaction compared to dissatisfaction. The moderate performance for neutral sentiment detection 

aligns with the inherent challenge of identifying balanced expressions that contain both positive and negative elements. 

Inter-rater reliability assessment for aspect categorization achieved substantial agreement levels. Two independent coders classified 300 

randomly selected reviews across the six operational aspects, achieving Cohen's kappa of κ = 0.81, indicating strong consistency in aspect 

identification procedures. Percentage agreement across all aspect categories averaged 87.3%, with Guest Experience Management showing 

the highest agreement (91.2%) and Value Proposition showing the lowest agreement (82.7%), reflecting the greater interpretive complexity 

in identifying value-related discussions. 
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Fig. 1: Comprehensive Sentiment Intelligence Dashboard 

 

Figure 1 presents an integrated visualization synthesizing key analytical findings across four interconnected panels that demonstrate the 

relationship between sentiment patterns, operational performance, and customer evaluation priorities. 

Panel A displays the Overall Sentiment Distribution as a stacked horizontal bar chart, illustrating the dominant positive sentiment (86.4% 

in deep blue) alongside neutral sentiment (7.8% in gray) and negative sentiment (5.8% in red). This visualization immediately conveys the 

predominantly favorable customer satisfaction landscape while highlighting the specific magnitude of dissatisfaction requiring strategic 

attention. 

Panel B presents the Sentiment-Rating Correlation through a dual-axis line graph showing the systematic progression of average sentiment 

scores (primary y-axis) and positive language percentage (secondary y-axis) across rating levels from 1-star to 5-star. The parallel upward 

trajectories of both metrics demonstrate the strong alignment between numerical ratings and linguistic sentiment expressions, with the 

steepest increase occurring between 2-star and 4-star ratings, indicating this range represents the critical satisfaction threshold where sen-

timent language dramatically shifts from mixed to predominantly positive. 

Panel C visualizes Operational Aspect Performance Rankings through a horizontal bar chart ordered by customer satisfaction rates, with 

color coding indicating performance tiers: excellence (dark green for Guest Experience Management at 94.2%), strong performance (me-

dium green for Location Advantage and Service Excellence above 89%), satisfactory performance (yellow-green for Room Quality Stand-

ards and Facilities Portfolio above 84%), and improvement required (orange for Value Proposition at 78.9%). The visual gap between the 

highest and lowest performing aspects immediately conveys the 15.3 percentage point optimization opportunity. 

Panel D illustrates Keyword Frequency Analysis through a word cloud visualization where term size corresponds to discussion frequency, 

with the largest terms (Staff, Clean, Location) dominating the visual space to reflect their prominence in customer discourse. Color intensity 

gradients from light to dark blue indicate relative frequency ranges, providing immediate visual understanding of which service elements 

dominate customer evaluation processes. 
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Fig. 2: Aspect-Based Sentiment Distribution Heatmap 

 

Figure 2 provides granular performance visualization across operational dimensions through a three-column heatmap displaying positive, 

negative, and neutral sentiment percentages for each aspect. Color intensity ranging from deep green (high positive sentiment) through 

yellow (moderate) to red (high negative sentiment) enables immediate identification of performance patterns. The heatmap clearly illus-

trates Guest Experience Management's exceptional performance with the deepest green shading in positive sentiment (94.2%) and minimal 

red in negative sentiment (2.3%), while Value Proposition shows concerning patterns with lighter positive shading (78.9%) and the darkest 

red negative sentiment shading (11.7%), visually reinforcing the strategic priority for value perception enhancement. 

4. Results 

4.1 Overall Sentiment Distribution and Performance Indicators 

The sentiment analysis of 20,491 TripAdvisor hotel reviews reveals a predominantly positive customer satisfaction landscape with clear 

patterns of sentiment expression across the dataset. The overall sentiment distribution demonstrates strong customer satisfaction levels 

with minimal negative sentiment representation, indicating effective service delivery across the hotel operations analyzed. 

 
Table 1: Overall Sentiment Distribution Analysis 

Sentiment Category Review Count Percentage Cumulative Percentage 

Positive Sentiment 17,714 86.4% 86.4% 

Neutral Sentiment 1,590 7.8% 94.2% 

Negative Sentiment 1,187 5.8% 100.0% 
Total Reviews 20,491 100.0% - 

 

The sentiment distribution analysis demonstrates exceptional customer satisfaction performance, with positive sentiment representing 86.4% 

of all customer expressions. Negative sentiment accounts for only 5.8% of total reviews, indicating minimal customer dissatisfaction across 

the service portfolio. The neutral sentiment category captures 7.8% of reviews, representing customers who expressed balanced perspec-

tives without strong positive or negative language patterns. 

4.2 Sentiment Validation Across Rating Classifications 

The correlation analysis between sentiment language patterns and numerical rating assignments confirms strong alignment between cus-

tomer expression methods, validating the reliability of both feedback mechanisms for business intelligence purposes. The relationship 

demonstrates consistent customer behavior in expressing satisfaction levels through both quantitative ratings and qualitative language 

choices. 
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Table 2: Sentiment-Rating Correlation Analysis 

Rating Level Review Count Average Sentiment Score Positive Language (%) Negative Language (%) Neutral Language (%) 

1-Star 1,421 -0.0122 22.9% 44.1% 33.0% 
2-Star 1,793 0.0127 54.8% 19.0% 26.2% 

3-Star 2,184 0.0423 80.3% 7.0% 12.7% 

4-Star 6,039 0.0812 96.1% 0.7% 3.2% 
5-Star 9,054 0.0921 97.7% 0.3% 2.0% 

 

The correlation analysis reveals a systematic progression of sentiment scores from negative values in one-star reviews to increasingly 

positive values across higher rating categories. Four-star and five-star reviews demonstrate exceptional alignment with positive language 

usage exceeding 96%, while one-star reviews show the expected predominance of negative expressions at 44.1%. This correlation pattern 

confirms that customers consistently express their satisfaction levels through both rating mechanisms and descriptive language choices. 

4.3 Business-Relevant Keyword Frequency Analysis 

The text mining analysis identified the most frequently discussed business elements across customer reviews, providing insights into cus-

tomer priorities and service evaluation criteria. The keyword frequency analysis excludes common linguistic terms to focus specifically on 

business-relevant content that informs operational understanding and strategic planning initiatives. 

 
Table 3: Top Business-Relevant Keywords Analysis 

Rank Keyword Frequency Percentage of Business Terms Business Context 

1 Staff 3,247 4.2% Service Personnel 

2 Clean 2,891 3.7% Quality Standards 

3 Location 2,634 3.4% Strategic Positioning 
4 Comfortable 2,398 3.1% Guest Experience 

5 Service 2,156 2.8% Operations Quality 

6 Breakfast 1,987 2.6% Food Service 
7 Bathroom 1,834 2.4% Room Facilities 

8 Friendly 1,723 2.2% Service Attitude 

9 Parking 1,645 2.1% Ancillary Services 
10 Downtown 1,589 2.1% Location Context 

 

The keyword analysis demonstrates that service personnel discussions dominate customer feedback at 4.2% of all business-relevant terms, 

followed closely by cleanliness standards and location advantages. The prominence of operational quality indicators such as cleanliness, 

comfort, and service quality in the top rankings indicates that customers prioritize fundamental service delivery elements when evaluating 

their hotel experience. 

4.4 Aspect-Based Performance Metrics Overview 

The aspect-based sentiment analysis categorizes customer feedback across six strategic operational dimensions to provide targeted insights 

for business improvement initiatives. Each operational aspect demonstrates distinct performance characteristics that inform resource allo-

cation priorities and strategic development opportunities. 

 
Table 4: Operational Aspect Performance Summary 

Operational Aspect Total Mentions Average Sentiment Score Customer Satisfaction Rate Performance Classification 

Guest Experience 

Management 

8,734 0.0891 94.2% Excellent Performance 

Location Advantage 5,423 0.0847 91.8% Strong Performance 
Service Excellence 7,956 0.0798 89.7% Strong Performance 

Room Quality 

Standards 

9,234 0.0743 87.3% Good Performance 

Facilities Portfolio 4,567 0.0672 84.6% Satisfactory Performance 

Value Proposition 3,891 0.0543 78.9% Improvement Required 

 

The aspect-based performance analysis reveals Guest Experience Management as the highest-performing operational dimension with 94.2% 

customer satisfaction rates, followed by Location Advantage and Service Excellence, both exceeding 89% satisfaction levels. Value Prop-

osition emerges as the primary improvement opportunity with 78.9% satisfaction rates, indicating potential gaps between customer expec-

tations and perceived service value delivery. 

4.5 Detailed Sentiment Breakdown by Operational Aspect 

The comprehensive sentiment analysis across operational aspects provides granular insights into customer satisfaction drivers and dissat-

isfaction sources within each service dimension. This detailed breakdown enables targeted improvement strategies and performance mon-

itoring across specific operational areas. 

The detailed sentiment breakdown demonstrates that Guest Experience Management achieves exceptional performance with only 2.3% 

negative sentiment rates, while Value Proposition shows the highest negative sentiment concentration at 11.7%. Room Quality Standards 

and Facilities Portfolio display moderate negative sentiment rates at 4.7% and 6.3% respectively, indicating specific improvement oppor-

tunities within these operational dimensions. 
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Table 5: Aspect-Based Sentiment Distribution Analysis 

Operational Aspect Positive 

Sentiment Count 

Positive Rate 

(%) 

Negative 

Sentiment Count 

Negative Rate 

(%) 

Neutral 

Sentiment Count 

Neutral Rate 

(%) 

Guest Experience 

Management 

8,227 94.2% 198 2.3% 309 3.5% 

Location Advantage 4,976 91.8% 156 2.9% 291 5.3% 
Service Excellence 7,134 89.7% 278 3.5% 544 6.8% 

Room Quality 

Standards 

8,061 87.3% 432 4.7% 741 8.0% 

Facilities Portfolio 3,864 84.6% 289 6.3% 414 9.1% 

Value Proposition 3,070 78.9% 456 11.7% 365 9.4% 

4.6 Strategic Performance Ranking and Improvement Priorities 

The comprehensive performance evaluation establishes strategic priorities for operational enhancement based on customer satisfaction 

metrics, mention volume, and performance gap analysis. This ranking framework provides clear guidance for resource allocation decisions 

and strategic planning initiatives focused on customer satisfaction optimization. 

 
Table 6: Strategic Performance Ranking and Action Priorities 

Priority Rank Operational 

Aspect 

Satisfaction Rate Performance Gap Negative 

Feedback Rate 

Strategic Action 

Required 

1 (Maintain) Guest Experience 

Management 

94.2% +91.9% 2.3% Excellence Maintenance 

2 (Maintain) Location 
Advantage 

91.8% +88.9% 2.9% Competitive Leverage 

3 (Enhance) Service Excellence 89.7% +86.2% 3.5% Consistency Improvement 

4 (Improve) Room Quality 
Standards 

87.3% +82.6% 4.7% Quality Standardization 

5 (Develop) Facilities Portfolio 84.6% +78.3% 6.3% Facility Enhancement 

6 (Transform) Value Proposition 78.9% +67.2% 11.7% Value Strategy Revision 

 

The strategic ranking analysis establishes clear performance tiers with Guest Experience Management and Location Advantage positioned 

as competitive strengths requiring maintenance strategies. Service Excellence and Room Quality Standards represent enhancement oppor-

tunities with satisfaction rates approaching 90%, while Facilities Portfolio and Value Proposition require development and transformation 

initiatives, respectively, to achieve competitive performance levels. 

The performance gap calculations demonstrate significant variations between the highest and lowest performing aspects, with an 18.0 

percentage point difference between Guest Experience Management and Value Proposition satisfaction rates. This gap analysis provides a 

quantitative foundation for strategic resource allocation and improvement initiative prioritization across the operational portfolio. 

5. Discussion 

The comprehensive analysis of 20,491 TripAdvisor hotel reviews provides substantial evidence for the strategic value of Customer Senti-

ment Intelligence in hospitality management. The predominantly positive sentiment distribution, with 86.4% of reviews expressing favor-

able opinions, indicates effective service delivery across the analyzed hotel operations. However, the 5.8% negative sentiment rate, while 

relatively low, represents a significant customer base of approximately 1,187 dissatisfied guests whose experiences warrant strategic at-

tention. The strong correlation between sentiment language patterns and numerical ratings validates the reliability of both feedback mech-

anisms for business intelligence purposes. The systematic progression from negative sentiment scores in one-star reviews (-0.0122) to 

consistently positive scores in five-star reviews (0.0921) demonstrates that customers express satisfaction levels coherently across different 

evaluation methods. This finding addresses Research Question 1 by establishing that linguistic sentiment analysis can effectively comple-

ment numerical rating systems for predictive customer satisfaction modeling, providing hotel managers with multiple validated approaches 

for monitoring guest satisfaction trends. The keyword frequency analysis reveals critical insights into customer evaluation priorities, with 

service personnel discussions dominating at 4.2% of business-relevant terms. The prominence of fundamental service elements, including 

cleanliness standards, location advantages, and comfort indicators in customer discourse, suggests that hospitality excellence depends 

primarily on consistent execution of core operational elements rather than innovative service features. This finding aligns with established 

hospitality research emphasizing the importance of service fundamentals in customer satisfaction formation. 

5.1 Strategic Implications of Aspect-Based Performance 

The aspect-based sentiment analysis provides definitive answers to Research Question 2 regarding operational dimensions that generate 

the highest and lowest customer satisfaction rates. Guest Experience Management emerges as the premier competitive advantage with 94.2% 

satisfaction rates and minimal negative sentiment at 2.3%. This exceptional performance suggests that hotels have successfully invested in 

staff training, service protocols, and customer interaction management systems that consistently meet guest expectations. The identification 

of Value Proposition as the primary improvement opportunity, with only 78.9% satisfaction rates and 11.7% negative sentiment, reveals a 

critical strategic challenge. This performance gap indicates potential misalignment between customer expectations and perceived service 

value delivery, suggesting that hotels may need to reassess their pricing strategies, service offerings, or communication of value elements 

to customers. The substantial 15.3 percentage point performance difference between the highest and lowest performing operational aspects 

demonstrates significant optimization potential across the service portfolio. Location Advantage and Service Excellence both achieve sat-

isfaction rates exceeding 89% indicating strong foundational performance in competitive positioning and service delivery consistency. 

However, the moderate performance levels in Room Quality Standards (87.3%) and Facilities Portfolio (84.6%) suggest opportunities for 

targeted improvement initiatives that could enhance overall customer satisfaction while requiring focused resource allocation rather than 

comprehensive operational transformation. 
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5.2 Business Intelligence and Competitive Positioning 

Addressing Research Question 3, the text mining analysis reveals specific language patterns that inform competitive positioning strategies 

and value proposition optimization. The prevalence of comfort-related terminology and service quality discussions in customer reviews 

indicates that guests prioritize experiential elements over purely functional accommodations. Hotels can leverage these insights to develop 

marketing communications that emphasize their strengths in guest experience management and service excellence while addressing iden-

tified gaps in value perception. The analysis demonstrates that customer sentiment intelligence extends beyond traditional satisfaction 

measurement to provide predictive insights for strategic planning. The correlation patterns between sentiment expressions and operational 

performance enable proactive management approaches that address emerging issues before they develop into widespread customer dissat-

isfaction. This capability transforms customer feedback from a reactive monitoring tool into a strategic asset for competitive advantage 

development. The comprehensive keyword analysis provides a foundation for developing targeted improvement strategies across opera-

tional dimensions. Hotels can prioritize investments in areas where customer discussion frequency intersects with performance improve-

ment opportunities, ensuring that resource allocation decisions align with customer priorities and business impact potential. 

5.3 Limitations and Methodological Considerations 

Despite its comprehensive scope, this study acknowledges several limitations that influence result interpretation and their application. The 

lexicon-based sentiment analysis approach, while effective for hospitality-specific terminology, may not capture cultural variations in 

emotional expression or emerging linguistic trends in customer communication. The reliance on English-language reviews limits general-

izability to diverse international customer segments who may express satisfaction differently across cultural contexts. The aspect-based 

analysis methodology, though systematically applied, depends on predefined keyword categories that may not encompass the full range of 

customer experience elements. Emerging service dimensions or innovative hospitality concepts may not be adequately captured within the 

established analytical framework, potentially limiting the identification of new competitive opportunities or customer expectation trends. 

The temporal scope of the analysis provides a comprehensive snapshot of customer sentiment patterns but may not reflect seasonal varia-

tions, economic conditions, or evolving customer expectations that influence satisfaction levels over time. Longitudinal analysis would 

strengthen the predictive capabilities of the sentiment intelligence framework and provide insights into satisfaction trend development. 

5.4 Practical Management Applications 

The research findings provide hotel managers with actionable intelligence for strategic decision-making and operational optimization. The 

aspect-based performance ranking establishes clear priorities for resource allocation, with Guest Experience Management and Location 

Advantage positioned as competitive strengths requiring maintenance strategies, while Value Proposition demands comprehensive trans-

formation initiatives. The correlation between sentiment language and numerical ratings enables hotels to implement real-time monitoring 

systems that combine both feedback mechanisms for comprehensive satisfaction tracking. This dual approach allows managers to identify 

satisfaction trends earlier than traditional survey methods while maintaining the quantitative precision necessary for performance meas-

urement and benchmarking. The keyword frequency analysis provides specific guidance for staff training programs, service standard de-

velopment, and customer communication strategies. Hotels can focus improvement efforts on areas where customer discussion frequency 

indicates high importance, ensuring that operational enhancements address genuine customer priorities rather than management assump-

tions about service importance. 

5.5 Implications for Future Research 

The established framework for Customer Sentiment Intelligence in hospitality management opens several avenues for future research 

development. Longitudinal studies examining sentiment trend evolution could provide insights into the dynamic nature of customer expec-

tations and satisfaction drivers over time. Cross-cultural analysis of sentiment expression patterns would enhance the global applicability 

of sentiment intelligence methodologies. Integration of advanced natural language processing techniques, including emotion recognition 

and contextual sentiment analysis, could provide more nuanced insights into customer psychological states and satisfaction formation 

processes. Machine learning applications for predictive sentiment modeling could enable hotels to anticipate satisfaction issues before they 

manifest in customer feedback, supporting truly proactive management approaches. Comparative analysis across different hospitality seg-

ments, including luxury hotels, budget accommodations, and alternative lodging options, would establish segment-specific sentiment pat-

terns and performance benchmarks that reflect diverse customer expectation frameworks and service delivery models. 

6. Conclusion 

This comprehensive analysis of Customer Sentiment Intelligence applied to TripAdvisor hotel reviews establishes a robust framework for 

transforming unstructured customer feedback into strategic business intelligence. The research successfully addresses the three primary 

research questions by demonstrating strong correlations between sentiment language patterns and numerical ratings, identifying specific 

operational aspects that drive customer satisfaction, and providing actionable insights for competitive positioning optimization. 

6.1 Key Research Contributions 

The study contributes to hospitality management literature by validating sentiment analysis as a reliable complement to traditional satis-

faction measurement approaches. The demonstrated correlation between linguistic sentiment expressions and quantitative ratings provides 

empirical support for multi-method customer satisfaction monitoring systems that enhance both analytical precision and strategic insight 

development. The aspect-based performance analysis establishes a practical framework for strategic priority setting in hotel operations. By 

identifying Guest Experience Management as the premier competitive advantage and Value Proposition as the primary improvement op-

portunity, the research provides hotel managers with clear guidance for resource allocation and strategic planning initiatives that align with 

demonstrated customer satisfaction drivers. The comprehensive keyword analysis contributes practical intelligence for operational im-

provement by revealing the specific service elements that dominate customer evaluation processes. The prominence of fundamental service 
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components, including staff performance, cleanliness standards, and comfort provision, validates the continued importance of operational 

excellence in hospitality competitive advantage. 

6.2 Strategic Business Implications 

Hotel managers can implement Customer Sentiment Intelligence as a strategic management tool that bridges the gap between academic 

research and practical business application. The established performance ranking system provides a data-driven foundation for strategic 

planning that prioritizes improvement initiatives based on customer satisfaction impact rather than operational convenience or cost consid-

erations. The research demonstrates that effective sentiment intelligence requires systematic integration of both linguistic analysis and 

quantitative measurement to achieve a comprehensive understanding of customer satisfaction drivers. Hotels that implement dual-method 

monitoring systems can achieve superior competitive positioning through enhanced responsiveness to customer expectations and proactive 

management of satisfaction issues. The identification of significant performance variations across operational aspects reveals substantial 

optimization potential within existing service portfolios. Hotels can achieve meaningful competitive advantage improvements through 

targeted enhancement initiatives that address specific performance gaps without requiring comprehensive operational transformation. 

6.3 Management Recommendations 

Hotel management teams should prioritize the maintenance of excellence in Guest Experience Management and Location Advantage while 

implementing targeted transformation initiatives for Value Proposition optimization. The substantial performance gap in value perception 

requires a comprehensive reassessment of pricing strategies, service offerings, and customer communication approaches to align perceived 

value with service delivery capabilities. The establishment of integrated sentiment monitoring systems that combine linguistic analysis 

with traditional rating mechanisms will provide hotel managers with enhanced early warning capabilities for satisfaction issues and com-

petitive positioning challenges. This proactive approach enables strategic responses to customer expectation changes before they manifest 

in widespread dissatisfaction or competitive disadvantage. Resource allocation decisions should prioritize operational aspects where cus-

tomer discussion frequency intersects with performance improvement opportunities, ensuring that investment decisions address genuine 

customer priorities and maximize satisfaction impact potential. The systematic approach to improvement initiative prioritization established 

in this research provides a replicable framework for strategic planning across diverse hospitality contexts. Customer Sentiment Intelligence 

represents a transformative approach to hospitality management that enables data-driven strategic planning and operational optimization 

based on a comprehensive understanding of customer satisfaction drivers. The research establishes practical methodologies for implement-

ing sentiment analysis as a strategic management tool while acknowledging the importance of balancing technological capabilities with 

ethical responsibility in customer feedback utilization. The hospitality industry's continued evolution toward digital transformation and 

customer-centric service delivery makes Customer Sentiment Intelligence an essential strategic capability for sustained competitive ad-

vantage. Hotels that successfully integrate sentiment analysis into their management practices will achieve superior customer satisfaction 

performance, enhanced brand reputation, and improved financial outcomes through systematic alignment of service delivery with customer 

expectations and satisfaction drivers. This research provides the foundation for ongoing development of Customer Sentiment Intelligence 

applications in hospitality management, establishing methodological approaches and performance frameworks that support both academic 

advancement and practical business application in an increasingly competitive and dynamic marketplace. 
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