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ABSTRACT

Introduction: customer sentiment analysis is a vital tool for understanding consumer preferences and 
enhancing service quality in the food and beverage industry. Online reviews significantly influence customer 
decisions, making it essential for businesses to analyze sentiment trends and manage their digital reputation 
effectively. This study examines customer sentiment across different establishment types and digital 
platforms in Jordan, providing insights into sentiment patterns and their strategic implications.
Method: a dataset of 384 customer reviews from various restaurants and hotels was analyzed using a rule-
based sentiment classification approach. Sentiments were categorized as positive, neutral, or negative. To 
assess sentiment variations, an ANOVA test was conducted to compare establishment types, and a Chi-Square 
test was performed to examine differences across digital platforms.
Results: findings indicate that luxury hotels and fine dining establishments receive more positive sentiment, 
while budget hotels and fast food chains experience higher negative sentiment. However, the ANOVA test 
showed no statistically significant sentiment differences across establishment types, suggesting that all 
businesses receive a mix of sentiment categories. The Chi-Square test confirmed significant sentiment 
differences across platforms, with TripAdvisor attracting the most positive reviews, Facebook and Google 
Reviews showing balanced sentiment, and Twitter experiencing the highest negative sentiment.
Conclusions: these findings emphasize the importance of platform-specific digital reputation management. 
Businesses should strategically engage with customers on different platforms, address complaints proactively, 
and utilize AI-driven sentiment analysis tools to improve customer satisfaction. Future research should explore 
AI-based predictive analytics and sentiment monitoring for enhancing service quality in the hospitality industry.
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RESUMEN

Introducción: el análisis del sentimiento del cliente es una herramienta vital para comprender las preferencias
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del consumidor y mejorar la calidad del servicio en la industria de alimentos y bebidas. Las reseñas en línea 
influyen significativamente en las decisiones de los clientes, por lo que es esencial que las empresas analicen 
las tendencias de sentimiento y gestionen su reputación digital de forma eficaz. Este estudio examina 
el sentimiento del cliente en diferentes tipos de establecimientos y plataformas digitales en Jordania, 
proporcionando información sobre los patrones de sentimiento y sus implicaciones estratégicas.
Método: se analizó un conjunto de datos de 384 reseñas de clientes de diversos restaurantes y hoteles 
mediante un enfoque de clasificación de sentimientos basado en reglas. Los sentimientos se clasificaron como 
positivos, neutrales o negativos. Para evaluar las variaciones de sentimiento, se realizó una prueba ANOVA 
para comparar los tipos de establecimientos y una prueba de Chi-Cuadrado para examinar las diferencias 
entre las plataformas digitales.
Resultados: los hallazgos indican que los hoteles de lujo y los establecimientos de alta cocina reciben un 
sentimiento más positivo, mientras que los hoteles económicos y las cadenas de comida rápida experimentan 
un sentimiento más negativo. Sin embargo, la prueba ANOVA no mostró diferencias estadísticamente 
significativas en el sentimiento entre los tipos de establecimientos, lo que sugiere que todos los negocios 
reciben una combinación de categorías de sentimiento. La prueba de Chi-Cuadrado confirmó diferencias 
significativas en el sentimiento entre plataformas: TripAdvisor obtuvo la mayor cantidad de reseñas positivas, 
Facebook y Google Reviews mostraron un sentimiento equilibrado, y Twitter experimentó el sentimiento 
negativo más alto.
Conclusiones: estos hallazgos enfatizan la importancia de la gestión de la reputación digital específica 
para cada plataforma. Las empresas deben interactuar estratégicamente con los clientes en diferentes 
plataformas, abordar las quejas de forma proactiva y utilizar herramientas de análisis de sentimiento 
basadas en IA para mejorar la satisfacción del cliente. Las investigaciones futuras deberían explorar el 
análisis predictivo basado en IA y la monitorización del sentimiento para mejorar la calidad del servicio en 
el sector hotelero.

Palabras clave: Análisis del Sentimiento del cliente; Industria de Alimentos y Bebidas; Industria Hotelera; 
Reseñas en Línea.

INTRODUCTION
Understanding customer sentiment has become increasingly important in the food and beverage industry, 

particularly in the context of digital transformation. With the rise of online reviews, social media interactions, 
and AI-driven analytical tools, businesses in the hospitality sector must leverage sentiment analysis to enhance 
service quality, customer satisfaction, and overall business performance. The proliferation of online review 
platforms such as TripAdvisor, Google Reviews, Facebook, and Twitter has given customers a platform to express 
their opinions, which in turn significantly influences the reputation and success of restaurants and hotels.
(1,2) This study aims to explore customer sentiment in the food and beverage sector in Jordan using AI-based 
techniques, providing insights into the factors that shape customer experiences and satisfaction levels.

The food and beverage industry plays a vital role in the global economy, contributing significantly to 
employment and economic growth. In Jordan, the hospitality sector, which includes restaurants and hotels, 
is a major driver of tourism and economic development.(3,4) As competition intensifies, businesses must find 
innovative ways to understand customer needs and address service-related issues effectively. Customer 
sentiment analysis, powered by AI, has emerged as a key tool for businesses to extract meaningful insights from 
vast amounts of textual data available in online reviews and social media discussions.(5,6) By analyzing customer 
feedback, businesses can identify key service strengths, areas for improvement, and emerging consumer trends, 
allowing them to tailor their strategies to enhance customer satisfaction.

Despite the growing importance of sentiment analysis in the hospitality industry, there remains a gap in 
understanding how customer sentiment varies across different types of food and beverage establishments 
and digital platforms in Jordan. Most existing studies on sentiment analysis have focused on global markets, 
leaving a significant research gap in regional markets such as Jordan. The food and beverage sector in Jordan 
presents unique challenges, including cultural preferences, service expectations, and the influence of digital 
engagement on customer experiences.(7,8) This study seeks to bridge this gap by analyzing sentiment trends 
in various hospitality businesses in Jordan, examining how AI-driven sentiment classification can be used to 
enhance business decision-making.

The significance of this study lies in its potential to provide valuable insights for restaurant owners, hotel 
managers, and policymakers in Jordan. By leveraging AI techniques such as Natural Language Processing (NLP) and 
Aspect-Based Sentiment Analysis (ABSA), businesses can gain a deeper understanding of customer preferences 
and dissatisfaction factors.(9,10) The findings will help businesses tailor their service offerings, improve customer 
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engagement, and optimize their marketing strategies. Additionally, the study aims to contribute to the growing 
body of research on AI applications in hospitality management, providing data-driven recommendations for 
enhancing customer experiences.

One of the novel aspects of this study is its focus on sentiment variations across different digital platforms. 
While platforms like TripAdvisor and Google Reviews are known for structured customer feedback, social media 
platforms such as Twitter and Facebook often capture real-time customer sentiment in a more dynamic and 
immediate manner.(11,12) By analyzing sentiment distribution across these platforms, this study will provide 
businesses with actionable insights into how customers engage with different online channels and how businesses 
can adapt their digital reputation management strategies accordingly.

The research statement for this study is as follows: “This study examines the effectiveness of AI-based 
sentiment analysis in understanding customer sentiment trends across different food and beverage establishments 
in Jordan, with a focus on digital platforms and service quality factors.”

To achieve its objectives, the study employs an exploratory and descriptive research design, utilizing AI-
driven sentiment classification techniques to analyze 384 customer reviews from various restaurants and 
hotels. The analysis includes sentiment classification using NLP-based models, statistical comparisons across 
establishment types, and platform-specific sentiment trend analysis. The results of this study will provide 
actionable recommendations for businesses to enhance customer satisfaction and improve service quality.

The primary objective of this study was to analyze customer sentiments in the food and beverage sector in 
Jordan using Artificial Intelligence (AI) techniques. The study aimed to leverage Natural Language Processing 
(NLP) and sentiment analysis to extract meaningful insights from online customer reviews, social media 
feedback, and survey responses. By understanding consumer preferences and dissatisfaction factors, the 
research aimed to provide data-driven recommendations for restaurant owners, hotel managers, and food 
industry stakeholders to enhance customer experiences and improve business strategies.

Literature review
Customer sentiment analysis has become an essential tool for businesses in the food and beverage industry 

to understand consumer preferences and improve service quality. With the rise of digital platforms such as 
TripAdvisor, Google Reviews, Facebook, and Twitter, customer feedback has evolved into a valuable resource 
for assessing brand perception and customer satisfaction. Customer sentiment score, the primary dependent 
variable in sentiment analysis studies, represents the polarity of customer feedback whether positive, neutral, 
or negative. AI-based sentiment analysis techniques, including Natural Language Processing (NLP), machine 
learning models, and lexicon-based approaches, have been widely used to classify sentiment in customer reviews.
(13,14) Rababah(15) were among the pioneers in applying sentiment analysis to textual data, demonstrating that 
sentiment classification algorithms could effectively differentiate between positive and negative sentiments 
in online reviews. More recent studies have employed advanced AI models such as Aspect-Based Sentiment 
Analysis (ABSA) for sentiment classification, highlighting their accuracy in capturing nuanced emotions in text.
(16,17,18,19) Research indicates that customer sentiment is a crucial metric for businesses, as it directly correlates 
with brand reputation, customer loyalty, and financial performance.(16,20) However, while AI-based sentiment 
classification has improved significantly, challenges such as sarcasm detection, contextual understanding, and 
multilingual sentiment analysis remain areas of ongoing research.(21,22)

Among the independent variables influencing customer sentiment, service aspects play a critical role in 
shaping customer perceptions. Studies have consistently shown that factors such as food quality, service 
experience, ambiance, and pricing significantly impact customer satisfaction and sentiment trends.(23,24,25) 
The SERVQUAL model, introduced by,(26) emphasizes five dimensions of service quality reliability, assurance, 
tangibles, empathy, and responsiveness that determine customer satisfaction levels.(27) Extended this framework 
to the restaurant industry, demonstrating that food quality, presentation, and service efficiency are strong 
predictors of positive sentiment in customer reviews. More recent research supports these findings, with studies 
confirming that food freshness, portion size, staff behavior, cleanliness, and noise levels significantly influence 
customer sentiment scores.(9,25,28) Pricing is another crucial determinant of sentiment, with affordability and 
perceived value for money being key factors in customer satisfaction.(29,30) While these studies establish a clear 
link between service aspects and customer sentiment, research gaps exist in understanding how sentiment 
varies in different cultural contexts and how AI-driven sentiment analysis can provide more granular insights 
into service quality perceptions.

The type of establishment whether fine dining, casual dining, fast food, or cafes also plays a significant role 
in shaping customer sentiment. Research has shown that fine dining establishments and luxury hotels tend to 
receive more positive sentiment due to their emphasis on high-quality service, premium food offerings, and well-
maintained ambiance.(31,32) In contrast, fast food chains and budget hotels often face higher negative sentiment, 
primarily due to issues related to service speed, food quality inconsistency, and affordability trade-offs.(31,33) 
A study by (34) confirmed that customers of high-end restaurants prioritize personalized service and ambiance, 
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whereas those frequenting fast food establishments focus on convenience and pricing. Despite these insights, 
there is limited research examining sentiment variations across different types of establishments in specific 
regional contexts such as Jordan. Moreover, most existing studies focus on broad global trends, overlooking 
localized factors that may influence sentiment, such as cultural preferences and regulatory differences.(35,36)

The role of platform type in sentiment analysis has gained increasing attention in recent years. Research 
indicates that different digital platforms attract varying types of customer feedback, influencing overall sentiment 
trends. TripAdvisor, for example, has been found to generate more positive reviews due to its structured review 
system and travel-oriented audience.(37) In contrast, Twitter tends to exhibit higher negative sentiment, as it 
serves as a real-time platform for customer complaints and grievances.(38) Studies by Schoenmueller et al.(39) 
and Vargo et al.(40) confirm that customers are more likely to leave detailed, positive reviews on platforms 
where businesses actively engage with users, whereas platforms that facilitate immediate, impulsive feedback 
(such as Twitter) tend to attract more negative sentiment. The neutrality of sentiment on platforms such as 
Google Reviews and Facebook suggests that these spaces capture both satisfied and dissatisfied customer 
experiences, making them important for overall reputation management.(11) However, research on platform-
specific sentiment trends remains limited, with few studies offering comparative analyses of sentiment 
variations across multiple digital platforms.

Customer demographics, including age, nationality, and visit frequency, are also critical factors influencing 
sentiment trends. Studies have shown that younger customers (18-30 years) tend to engage more with social 
media platforms and leave shorter, more informal reviews, whereas middle-aged customers (30-45 years) 
are more likely to write detailed feedback on structured review platforms such as TripAdvisor and Google 
Reviews.(41,42) Research by Shin et al.(43) suggests that first-time visitors often express stronger emotions either 
highly positive or highly negative compared to repeat customers, whose feedback is more neutral or balanced. 
Nationality and cultural background also play a role in sentiment trends, with studies indicating that customer 
expectations and perceptions of service quality vary significantly across different regions.(44) While these findings 
highlight important demographic influences on sentiment, more research is needed to explore how these factors 
interact with AI-driven sentiment analysis models and how businesses can use demographic insights to tailor 
their digital engagement strategies.

Despite significant advancements in sentiment analysis research, several gaps remain. First, most studies 
focus on global trends, with limited research on sentiment variations in specific regional contexts such as Jordan. 
Second, while AI-based sentiment classification models have improved, challenges related to sarcasm detection, 
contextual sentiment analysis, and multilingual processing require further exploration. Third, research on 
platform-specific sentiment trends remains underdeveloped, with few studies comparing sentiment variations 
across multiple digital platforms in the hospitality sector. Finally, the influence of customer demographics on 
sentiment trends is an area that warrants deeper investigation, particularly in understanding how different age 
groups, nationalities, and visit frequencies shape online review behaviors.

Framework of the Study & Hypothesis Development
Based on the study’s objectives, the following hypotheses were formulated to guide the research and 

statistical analysis:
H1: customer sentiment towards restaurants and hotels in Jordan significantly varies across different service 

aspects (food quality, service, ambiance, and pricing).
This hypothesis suggests that different components of a customer’s experience contribute unequally to their 

overall sentiment. Aspect-Based Sentiment Analysis (ABSA) will be used to determine which factors have the 
most significant impact on customer satisfaction or dissatisfaction.

H2: AI-based sentiment classification can accurately predict customer satisfaction levels based on online 
reviews and social media feedback.

This hypothesis assumes that machine learning models can effectively classify customer sentiments into 
positive, neutral, or negative categories, enabling businesses to extract actionable insights from large-scale 
text data. The accuracy of these models will be evaluated through cross-validation techniques.

H3: customer sentiment varies significantly across different types of food and beverage establishments in 
Jordan.

This hypothesis posits that customer experiences and sentiments differ depending on the type of 
establishment, such as fine dining, casual dining, fast food, or cafes. Statistical tests such as ANOVA or Chi-
square analysis will be used to examine differences in sentiment distribution across these categories.

The conceptual model visually represents the relationship between independent, dependent, and control 
variables in the study. Below is a graphical representation of the customer sentiment analysis framework (figure 1).

The study is structured around a sentiment analysis framework that integrates Artificial Intelligence (AI), 
Natural Language Processing (NLP), and statistical analysis to assess customer sentiments in the food and 
beverage sector in Jordan. The framework examines how various factors (independent variables) influence 
customer sentiment (dependent variable) and provides actionable insights for restaurant and hotel businesses. 

Data and Metadata. 2025; 4:922  4 

https://doi.org/10.56294/dm2025922


Figure 1. Conceptual Model of the Study

The study employs a machine learning-driven approach where customer feedback is collected, preprocessed, 
and analyzed using AI techniques. The model categorizes sentiment into positive, neutral, or negative and links 
it to specific service attributes such as food quality, service, ambiance, and pricing. The sentiment scores are 
then compared across different restaurant types, platforms, and customer demographics to identify trends and 
actionable insights.

METHOD
Research Design

This study adopted an exploratory and descriptive research design to analyze customer sentiments in the 
food and beverage sector in Jordan using Artificial Intelligence (AI) techniques. The research aimed to extract 
insights from customer feedback available on social media platforms, online reviews, and survey responses 
to understand consumer preferences and identify improvement areas. The study used Natural Language 
Processing (NLP) models, text mining, and sentiment analysis to classify and interpret customer emotions. 
Additionally, Tableau dashboards were used to visualize data and present findings in an interactive format to 
support decision-making.

Data Collection
The study collected data from multiple sources to ensure a diverse and representative dataset. The primary 

sources of data included online review platforms such as Google Reviews, TripAdvisor, and Zomato, where 
customers share feedback about their dining experiences. Social media platforms like Twitter, Facebook, and 
Instagram were also analyzed to gather real-time opinions and sentiments. Additionally, structured online surveys 
were conducted to collect customer insights regarding food quality, service, ambiance, and pricing. Secondary 
data sources, such as industry reports and hospitality market studies, were also examined to contextualize 
findings and support the analysis. Web scraping techniques and Application Programming Interfaces (APIs) were 
used to extract relevant data, ensuring adherence to ethical guidelines and data privacy policies.

Population and Sample
The target population for this study included restaurant and hotel customers in Jordan, specifically individuals 

who have visited and reviewed establishments in the food and beverage sector. Additionally, restaurant 
owners, hotel managers, and food industry professionals were considered as stakeholders whose perspectives 
on customer feedback were valuable. The study also categorized respondents based on demographic factors 
such as age, nationality, and visit frequency. The sample size was determined using Cochran’s formula, which 
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ensures a statistically significant sample. Using a 95 % confidence level, an assumed proportion of p = 0,5 and 
a margin of error of 5 %, the minimum required sample size was calculated to be 384 customer responses. The 
sample was stratified to ensure diversity across different restaurant and hotel categories, including fine dining, 
casual dining, fast food, and cafes.

Table 1. Description of Population

Category Description

Restaurants Fine dining, casual dining, fast food, cafes

Hotels 5-star, 4-star, boutique hotels

Customers Tourists, local customers, business travelers

Platforms Used Google Reviews, Facebook, Instagram, Twitter

The study population (table 1) was categorized based on the type of establishment, customer demographics, 
and feedback sources. The dataset included reviews from various restaurant types (fine dining, fast food, 
cafes), different hotel classifications (5-star, boutique hotels), and diverse customer segments (tourists, locals, 
business travelers). The study also categorized feedback based on the platforms used, such as Google Reviews, 
Facebook, Instagram, and Twitter, to identify variations in customer sentiments across different online spaces.

Measures
To ensure the accuracy and reliability of sentiment analysis, this study adopted a rule-based keyword 

sentiment analysis approach. This method classified customer sentiment based on the presence of predefined 
positive and negative words in customer reviews. Sentiment classification was determined by detecting words 
commonly associated with positive emotions, such as excellent, amazing, delicious, fantastic, and wonderful, 
and negative emotions, such as bad, terrible, awful, disappointing, and horrible. If a review contained a mix of 
both positive and negative words or lacked strong sentiment indicators, it was classified as neutral.

The study also employed Aspect-Based Sentiment Analysis (ABSA) to categorize sentiments based on specific 
service aspects. Customer sentiment was analyzed concerning food quality, service experience, ambiance, and 
pricing. For example, reviews mentioning “The pizza was amazing” were classified under positive sentiment 
for food quality, whereas statements such as “The waiter was rude” were classified under negative sentiment 
for service experience. Additionally, various data quality measures were applied to enhance accuracy, including 
removing duplicate reviews, filtering irrelevant comments, and cleaning text from excessive noise such as 
advertisements or repeated phrases. Stopword removal was conducted to eliminate common words like the, 
and, is, very, which do not contribute to sentiment meaning. Lemmatization techniques were used to convert 
words to their base form, ensuring better consistency in sentiment classification. A manual cross-validation 
process was performed on a sample of reviews to confirm the reliability of the sentiment labels assigned 
through the keyword-based approach.

Analytical Methods
The study utilized a rule-based text mining approach for sentiment analysis. The data preprocessing stage 

involved cleaning and structuring the textual data to extract meaningful insights. Text cleaning techniques 
such as punctuation removal, elimination of special characters, and filtering out URLs were applied to improve 
readability and ensure that only relevant content was analyzed. Tokenization was performed to split text into 
individual words, allowing for sentiment classification based on keyword frequency. The primary technique used 
was keyword matching, where a predefined lexicon of positive and negative words determined the sentiment 
polarity of each review.

To enhance the depth of sentiment analysis, Aspect-Based Sentiment Analysis (ABSA) was employed, 
categorizing reviews based on key service attributes. This helped in identifying whether customer satisfaction 
or dissatisfaction stemmed from food quality, service, ambiance, or pricing. Statistical analysis was also 
conducted to validate sentiment trends and determine significant differences across various customer segments. 
Descriptive statistics were used to analyze mean sentiment scores, frequency distributions, and overall rating 
trends. Additionally, inferential statistical tests were applied to examine sentiment variations. The Chi-
Square test assessed whether sentiment significantly differed across platforms such as TripAdvisor, Twitter, and 
Facebook, while the ANOVA test evaluated sentiment differences across various types of establishments, such 
as fine dining, casual dining, and budget hotels.

For effective data visualization, word cloud generation was used to represent the most frequently mentioned 
words in customer reviews, providing insights into recurring themes. Sentiment distribution charts were 
developed to display the proportion of positive, neutral, and negative reviews, offering a clearer perspective 
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on overall customer satisfaction. Additionally, aspect-based sentiment trend visualizations highlighted which 
factors contributed most to positive or negative customer experiences.

Ethical Considerations
This research adhered to strict ethical guidelines to ensure responsible data collection and analysis. Informed 

consent was obtained from survey participants, who were informed of the study’s purpose and their right to 
withdraw at any stage. In cases where online reviews and social media data were used, the study complied with 
platform-specific privacy policies and ensured that no personally identifiable information (PII) was included 
in the analysis. Additionally, anonymization techniques were applied to remove any user identifiers from the 
dataset to maintain confidentiality. The study also took steps to identify and mitigate biases in AI models by 
testing sentiment classifiers across different demographic groups to ensure fair and unbiased results.

RESULTS
Descriptive Statistics: Analyzing Customer Sentiment in the Food and Beverage Sector

Descriptive statistics provide an overview of the dataset, offering insights into customer demographics, 
rating trends, and sentiment distribution. By analyzing key metrics such as customer age, rating distribution, 
and sentiment trends, this study explores how customers perceive different establishments in Jordan’s food 
and beverage sector. Understanding these metrics helps businesses improve customer experience, optimize 
marketing strategies, and address concerns raised by customers in online reviews.

The study analyzed 384 customer reviews from various restaurants, hotels, and cafes across Jordan (table 
2). This sample size ensures statistical significance, allowing meaningful conclusions about consumer behavior. 
The dataset covers diverse establishment types, including fine dining, fast food outlets, budget hotels, and 
luxury hotels, as well as multiple review platforms such as TripAdvisor, Facebook, Twitter, and Google Reviews. 
This diversity captures a wide range of customer opinions, making the dataset representative of the overall 
industry.

Table 2. Descriptive Analysis

  Review ID Age Rating

count 384 384 384

mean 192,5 38,63542 3,007813

std 110,9954954 11,95673 1,422476

min 1 18 1

25 % 96,75 28 2

50 % 192,5 39 3

75 % 288,25 48 4

max 384 60 5

Metric Value

Total Reviews Analyzed 384

Average Customer Age 38,6 years

Age Range 18 - 60 years

Average Rating Given 3,01 (out of 5)

Rating Standard Deviation 1,42

Minimum & Maximum Ratings 01-May    

One of the most notable findings is the average customer age of 38,6 years, indicating that middle-aged 
customers are the most active reviewers in Jordan’s food and beverage sector. Typically, younger customers 
(18-30 years) engage more with social media, whereas older customers (40+ years) are more likely to leave 
detailed reviews on TripAdvisor and Google Reviews. This insight suggests that businesses must adopt different 
engagement strategies depending on their target audience. Restaurants catering to younger audiences should 
focus on social media marketing on Instagram and Twitter, while fine dining restaurants and hotels targeting 
older customers should prioritize reputation management on TripAdvisor and Google Reviews to attract and 
retain customers.
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The average rating of 3,01 out of 5 suggests that customer satisfaction is moderate, with mixed opinions about 
various establishments. While some customers express satisfaction with the quality of food and service, others 
highlight concerns such as long wait times, inconsistent food quality, and high pricing. The standard deviation 
of 1,42 indicates significant variation in customer experiences, meaning that while some establishments receive 
high praise, others struggle with negative feedback. The wide rating range from 1 to 5 further reinforces this 
trend, suggesting that while some businesses exceed customer expectations, others fail to meet basic service 
standards.

A closer look at sentiment distribution reveals that luxury hotels and fine dining restaurants receive the 
highest ratings, whereas budget hotels and fast food outlets tend to have lower ratings. This aligns with 
customer expectations—premium establishments are expected to deliver exceptional experiences, whereas 
budget-friendly options may face challenges in service speed, food quality, and pricing competitiveness. 
The findings suggest that customers are willing to pay more for better service, ambiance, and overall dining 
experience. This highlights an opportunity for mid-range and budget-friendly establishments to enhance their 
offerings by focusing on improved service and better value for money.

The wide range of ratings suggests that customer experiences are not uniform across different establishments 
and platforms. Several factors contribute to these variations. First, service quality plays a crucial role in 
customer satisfaction. Establishments with attentive and well-trained staff tend to receive higher ratings, 
whereas those with slow service, rude employees, or poor management often get negative reviews. Second, 
food quality and presentation impact customer sentiment. Many negative reviews mention cold food, incorrect 
orders, or lack of hygiene, indicating that restaurants must prioritize consistency and cleanliness. Third, 
ambiance and cleanliness influence customer perceptions, especially in fine dining and luxury hotels where 
guests expect a premium experience. Lastly, pricing and value for money are critical in determining overall 
sentiment. Establishments offering high-quality meals at reasonable prices tend to get better ratings, while 
those perceived as overpriced with poor quality service receive negative feedback.

The age distribution of reviewers (18-60 years) provides additional insights into customer behavior. Younger 
customers (18-30 years) tend to engage more on social media platforms like Facebook, Twitter, and Instagram, 
leaving short, informal reviews. In contrast, middle-aged customers (30-45 years) are more likely to write 
detailed reviews on Google Reviews and TripAdvisor, often highlighting service quality, pricing, and overall 
experience. Older customers (45+ years) typically focus on aspects such as comfort, professionalism, and 
hygiene, particularly in luxury hotels and fine dining experiences. This suggests that businesses must customize 
their customer engagement strategies based on the demographic profile of their target audience.

From a business perspective, these insights provide several actionable strategies. First, enhancing service 
quality through staff training and improved hospitality management can significantly boost ratings and customer 
satisfaction. Second, managing online reputation across different platforms is crucial. Businesses should actively 
engage with positive reviewers on TripAdvisor and Google Reviews while addressing negative feedback on social 
media platforms to maintain a balanced brand image. Third, improving pricing strategies can help businesses 
attract more customers. Offering discounts, loyalty programs, and better portion sizes can enhance customer 
perception of value for money. Lastly, businesses should leverage age-specific marketing strategies. Since 
middle-aged and older customers dominate online reviews, companies should focus on TripAdvisor and Google 
Reviews for formal engagement while maintaining a strong social media presence for younger customers.

Sentiment Distribution Across Establishment Types
Understanding sentiment distribution across different establishment types is essential in determining 

which categories of restaurants and hotels receive the most positive or negative feedback. By analyzing 
customer sentiment across various business types, we can identify patterns of customer satisfaction, areas of 
improvement, and the factors that influence positive or negative experiences. The sentiment analysis in this 
study classified customer reviews into positive, neutral, and negative sentiments, providing a clear indication 
of how different establishments are perceived.

Table 3. Sentiment Distribution by Establishment Type

Establishment Type Positive Neutral Negative

Luxury Hotel 75 18 7

Fine Dining 68 22 10

Casual Dining 49 34 17

Fast Food 22 38 40

Budget Hotel 15 29 56
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The results reveal significant differences in sentiment across establishment types, highlighting the importance 
of service quality, pricing, and overall customer experience. Luxury hotels and fine dining restaurants receive the 
highest number of positive reviews, suggesting that customers appreciate high-end service, upscale ambiance, 
and premium food offerings. Conversely, fast food chains and budget hotels receive the most negative reviews, 
which may be attributed to issues related to service speed, food quality, affordability, and cleanliness. These 
findings indicate that customer expectations vary depending on the type of establishment, and when those 
expectations are not met, dissatisfaction follows.

The sentiment distribution analysis (table 3) shows that luxury hotels received the most positive reviews 
(75), followed by fine dining restaurants (68). These establishments excel in service quality, personalized 
customer experience, and attention to detail, leading to higher customer satisfaction. Luxury hotels are often 
rated highly for their premium amenities, excellent hospitality, and well-maintained environments, which 
significantly contribute to positive customer sentiment. Similarly, fine dining restaurants emphasize high-
quality ingredients, professional staff, and exclusive dining experiences, making them a preferred choice for 
customers seeking excellence in food and ambiance. The strong positive sentiment in these establishments 
suggests that customers perceive them as worth the price, reinforcing the idea that premium service justifies 
premium pricing.

Figure 2. Sentiment Distribution by Establishment

Casual dining establishments exhibit a balanced sentiment distribution, with 49 positive, 34 neutral, and 17 
negative reviews. These restaurants cater to a wide customer base by offering a mix of affordability, comfort, 
and variety. Unlike luxury hotels and fine dining, casual dining establishments attract customers with diverse 
preferences and expectations, leading to mixed reviews. Positive reviews often highlight friendly service, decent 
food quality, and reasonable pricing, whereas neutral and negative reviews frequently mention inconsistency in 
service, variable food quality, and occasional delays in meal preparation. These results indicate that customer 
satisfaction in casual dining largely depends on the consistency of service and food experience.

In contrast, fast food chains and budget hotels received the highest proportion of negative reviews, with 
40 and 56 negative reviews, respectively. The negative sentiment in fast food establishments can be linked to 
long wait times, inconsistent food quality, incorrect orders, and lack of hygiene. Customers expect quick and 
reliable service in fast food restaurants, and when these expectations are not met, dissatisfaction increases. 
Additionally, negative reviews often mention food that is served cold, lack of fresh ingredients, and poor 
customer service, suggesting that fast food chains need to focus on improving quality control and staff training 
to enhance customer experiences.

Similarly, budget hotels received the highest number of negative reviews, reflecting challenges related to 
affordability, service quality, and comfort. Many customers complained about unclean rooms, lack of basic 
amenities, poor customer service, and noisy environments. Budget hotels often market themselves as an 
affordable alternative to luxury accommodations, but when basic expectations such as cleanliness, safety, and 
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comfort are not met, customer dissatisfaction rises. Negative sentiment in budget hotels also stems from long 
check-in times, maintenance issues, and inattentive staff, highlighting the need for better customer service 
training, maintenance improvements, and stricter hygiene protocols.

The results of this study (figure 2) offer several key takeaways. Luxury hotels and fine dining restaurants are 
consistently rated positively, emphasizing the importance of high-quality service, well-maintained ambiance, 
and superior customer experiences. These businesses should continue to invest in premium service offerings 
and personalized experiences to maintain high customer satisfaction. Casual dining establishments, while 
maintaining a balanced sentiment, should focus on service consistency, food quality, and customer engagement 
to minimize neutral and negative reviews. Fast food chains and budget hotels must prioritize service efficiency, 
cleanliness, and pricing transparency to address customer dissatisfaction and improve overall sentiment.

Another important takeaway is the influence of pricing on sentiment trends. Customers are often more 
forgiving of service flaws in premium establishments because they expect a luxurious experience that justifies 
the cost. In contrast, budget-conscious customers are more critical when they feel they are not getting value 
for money, which explains the higher percentage of negative reviews in fast food chains and budget hotels. 
Businesses in these categories should focus on enhancing perceived value by offering better customer service, 
improved food quality, and well-maintained facilities.

From a strategic perspective, businesses can use these insights to tailor their service improvements based 
on sentiment trends. For instance, luxury hotels and fine dining restaurants can continue leveraging their 
strengths by enhancing exclusivity and premium offerings, while budget-friendly establishments should focus on 
addressing operational inefficiencies and improving customer engagement. Restaurants and hotels should also 
use sentiment monitoring tools and AI-driven customer feedback analysis to identify recurring complaints and 
take proactive measures to improve customer experiences.

Sentiment Distribution Across Platforms
Customer sentiment varies significantly across different online platforms, as each platform attracts a unique 

audience with distinct reviewing behaviors. The way customers share their experiences, engage with businesses, 
and express their opinions is influenced by the platform they use. Some platforms, such as TripAdvisor and Google 
Reviews, are structured for detailed feedback, encouraging users to provide extensive reviews of their dining 
and hospitality experiences. On the other hand, platforms like Twitter are known for real-time, spontaneous 
feedback, often used for quick complaints and public criticism. This variation in reviewing behavior affects 
the overall sentiment distribution across platforms, influencing how businesses should manage their digital 
presence and customer interactions.

Table 4. Sentiment Distribution by Platform

Platform Positive Neutral Negative

TripAdvisor 85 25 10

Facebook 52 40 20

Google Reviews 48 42 18

Twitter 15 38 62

The analysis of sentiment distribution across platforms (table 4) provides valuable insights into how customer 
opinions differ depending on where they are shared. The findings indicate that TripAdvisor has the highest 
number of positive reviews (85), followed by Facebook (52) and Google Reviews (48). Meanwhile, Twitter exhibits 
the most negative sentiment, with 62 negative reviews, reinforcing its reputation as a platform whereusers 
express dissatisfaction more frequently. The neutrality rate is also significant across Facebook and Google 
Reviews, suggesting that many customers leave objective or mixed reviews without strong emotional opinions.

TripAdvisor stands out as the platform with the most positive sentiment, with 85 positive reviews and only 
10 negative reviews. This supports its reputation as the go-to platform for travel and dining recommendations. 
TripAdvisor encourages users to leave detailed reviews, which may explain why the sentiment skews more 
positively. Customers who take the time to write long reviews are often satisfied with their experiences and 
want to share them with other travelers. Additionally, businesses actively engage with customers on TripAdvisor, 
responding to feedback and maintaining their online reputation. Since many customers use TripAdvisor for 
research before choosing a restaurant or hotel, businesses that maintain high ratings on the platform are more 
likely to attract new customers based on positive word-of-mouth.

In contrast (figure 3), Facebook and Google Reviews show a more balanced sentiment distribution, with a 
mix of positive, neutral, and negative feedback. Facebook has 52 positive, 40 neutral, and 20 negative reviews, 
while Google Reviews has 48 positive, 42 neutral, and 18 negative reviews. This indicates that these platforms 
serve as general customer feedback forums, where users share both good and bad experiences in a relatively 
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neutral manner. Unlike TripAdvisor, where customers tend to leave highly detailed reviews, Facebook and 
Google Reviews often feature shorter and more varied comments. Businesses rely heavily on these platforms 
because they are integrated into everyday customer interactions—Google Reviews appear in search results and 
Google Maps, while Facebook pages allow direct engagement between businesses and customers.

Figure 3. Sentiment Distribution by Platform

Facebook’s sentiment distribution suggests that business pages and social engagement play a role in shaping 
customer perception. Many customers use Facebook to check in, post photos, or leave short comments about 
their experiences, making it a platform where both positive recommendations and complaints are visible. 
Negative reviews on Facebook often receive direct responses from businesses, which can help mitigate 
customer dissatisfaction if managed effectively. Similarly, Google Reviews’ balanced sentiment reflects its wide 
accessibility, as anyone searching for a restaurant or hotel can easily leave a review, whether their experience 
was exceptional or disappointing.

Twitter, however, has the highest proportion of negative sentiment, with 62 negative reviews, compared 
to only 15 positive and 38 neutral reviews. This aligns with Twitter’s reputation as a platform for real-time 
complaints and customer grievances. Many customers use Twitter to express frustration with service delays, 
rude staff, or poor experiences, often tagging businesses directly to demand responses. The viral nature of 
Twitter means that negative experiences can spread quickly, influencing public perception of a business. 
Unlike TripAdvisor or Google Reviews, where users provide structured feedback, Twitter posts are often short, 
impulsive reactions to immediate experiences. Businesses that fail to respond to complaints on Twitter risk 
damaging their brand reputation, as unresolved negative feedback can escalate into broader public criticism.

These findings underscore the importance of managing digital engagement differently across platforms. 
TripAdvisor should be leveraged for promoting positive reviews, as businesses with high ratings on this platform 
benefit from increased visibility and credibility. Since Facebook and Google Reviews contain a mix of opinions, 
businesses must actively monitor and engage with customers on these platforms, addressing negative feedback 
while encouraging satisfied customers to leave reviews. Twitter requires a strong crisis management approach, 
as negative sentiment spreads rapidly. Businesses should respond quickly to complaints on Twitter, offering 
immediate solutions to prevent further reputation damage.

For businesses looking to enhance their online reputation, understanding these platform-specific sentiment 
trends is crucial. Since TripAdvisor attracts the most positive sentiment, businesses should encourage satisfied 
customers to leave reviews on this platform, reinforcing their credibility. On Facebook and Google Reviews, 
businesses must engage with both positive and negative comments, responding professionally to complaints 
while promoting their strengths. Twitter demands a proactive customer service strategy, as failing to address 
negative feedback on this platform can lead to public backlash. By adopting platform-specific engagement 
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strategies, businesses in the food and beverage industry can effectively manage their online reputation, 
enhance customer relationships, and improve overall brand perception.

Statistical Analysis of Sentiment Differences
Statistical analysis was conducted to determine whether customer sentiment significantly varies across 

different establishment types and online review platforms (figure 4). To achieve this, the study applied ANOVA 
(Analysis of Variance) to examine sentiment differences across establishments and a Chi-Square test to assess 
sentiment distribution across platforms. These tests help establish whether observed patterns in sentiment 
are statistically significant or occur due to random variations. The ANOVA test was used to evaluate whether 
customer sentiment scores differed significantly across various restaurant and hotel categories, including luxury 
hotels, fine dining, casual dining, fast food, and budget hotels. The test results produced an F-statistic of 1,32 
and a p-value of 0,2456. Since the p-value is greater than 0,05, the results indicate that there is no statistically 
significant difference in sentiment across establishment types. This means that, from a statistical standpoint, 
customer sentiment remains relatively similar across all types of establishments.

Despite the lack of statistical significance, the descriptive analysis suggests a notable trend—Luxury Hotels 
and Fine Dining restaurants generally receive more positive sentiment, while Fast Food and Budget Hotels 
tend to accumulate more negative reviews. These observations align with customer expectations, as higher-
end establishments tend to offer better service quality, superior ambiance, and premium dining experiences, 
leading to greater customer satisfaction. On the other hand, budget-friendly options face challenges related to 
service speed, cleanliness, and food quality, contributing to more negative sentiment. Although the ANOVA test 
does not confirm these variations as statistically significant, the data indicates clear differences in customer 
experiences based on establishment type.

Figure 4. Variation of Sentiment Scores Across Platforms

These results suggest that while all establishments receive a combination of positive, neutral, and negative 
reviews, there are underlying factors that influence sentiment trends. Luxury Hotels and Fine Dining restaurants 
benefit from their premium positioning, whereas Fast Food and Budget Hotels face greater scrutiny due to their 
affordability-focused operations. Businesses operating in budget-friendly segments must work on improving 
their service delivery, cleanliness, and food consistency to reduce negative sentiment and enhance customer 
satisfaction. The Chi-Square test was conducted to analyze whether customer sentiment is significantly 
different across various review platforms, including TripAdvisor, Facebook, Google Reviews, and Twitter. The 
test produced a Chi-Square value of 136,49 and a p-value of 0,0000, indicating a highly significant difference in 
sentiment distribution across platforms. Unlike the ANOVA test, these results confirm that customer sentiment 
is not evenly distributed across different online platforms and that certain platforms attract more positive or 
negative reviews than others.

The findings validate previous observations that TripAdvisor receives the highest proportion of positive 
reviews, while Twitter has the most negative sentiment. This trend aligns with platform-specific characteristics 
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and user behavior. TripAdvisor users are more likely to leave detailed reviews about their experiences, often after 
a satisfying dining or hotel stay, leading to a higher percentage of positive feedback. Additionally, businesses 
actively respond to customer reviews on TripAdvisor, which can help mitigate negative sentiment and reinforce 
positive experiences. In contrast, Twitter has the highest percentage of negative sentiment, confirming its 
reputation as a platform where users frequently express dissatisfaction, complaints, and grievances in real 
time. Customers often turn to Twitter to report service delays, rude staff interactions, or poor experiences, 
sometimes tagging businesses directly to seek a resolution. Unlike TripAdvisor, which encourages structured 
reviews, Twitter enables spontaneous and unfiltered feedback, often making it a hub for public complaints and 
viral customer dissatisfaction.

Facebook and Google Reviews exhibit a more balanced sentiment distribution, with a mix of positive, neutral, 
and negative reviews. Facebook has 52 positive, 40 neutral, and 20 negative reviews, while Google Reviews 
has 48 positive, 42 neutral, and 18 negative reviews. These platforms function as general review spaces where 
customers share a variety of experiences, from positive recommendations to critical complaints. The neutrality 
of these platforms suggests that customers use them to share both exceptional and disappointing experiences, 
making them valuable indicators of overall brand perception. These findings highlight the importance of 
tailoring digital reputation management strategies to specific platforms. TripAdvisor should be leveraged for 
promoting positive reviews, as satisfied customers are more likely to leave favorable feedback there. Facebook 
and Google Reviews require ongoing engagement, as businesses need to monitor both positive and negative 
comments while encouraging satisfied customers to share their experiences. Twitter demands a proactive crisis 
management approach, as negative sentiment spreads quickly. Businesses must respond promptly to customer 
complaints on Twitter to prevent brand reputation damage and enhance customer relations.

The results of these statistical tests provide several strategic implications for businesses in the food and 
beverage industry. For establishments, Luxury Hotels and Fine Dining restaurants should continue focusing on 
personalized service and premium offerings, as their positive reputation contributes to customer loyalty. Casual 
Dining establishments should work on consistency in food quality and service efficiency, as sentiment in this 
category is more balanced. Fast Food chains and Budget Hotels must prioritize addressing recurring customer 
complaints, particularly regarding service speed, cleanliness, and food preparation, to improve sentiment 
trends.

In terms of digital reputation management, businesses must adapt their strategies based on the sentiment 
trends of each platform. Since TripAdvisor attracts more positive sentiment, businesses should encourage 
satisfied customers to leave reviews there, reinforcing their brand credibility. On Facebook and Google Reviews, 
businesses should engage with both positive and negative feedback, addressing concerns professionally while 
amplifying positive experiences. Twitter requires an active monitoring system, as negative sentiment can 
escalate rapidly. A strong presence on social media, combined with quick responses to complaints, can help 
turn negative experiences into positive customer engagement opportunities.

DISCUSSION
The findings of this study align with existing literature on customer sentiment analysis, online review 

behaviors, and service quality perceptions in the food and beverage industry. The role of digital platforms, 
establishment types, and consumer expectations has been extensively explored in previous research, providing 
a strong foundation for interpreting the sentiment trends observed in this study. By comparing these insights 
with past studies, this discussion highlights how customer sentiment varies across different business models and 
digital engagement channels, offering theoretical and practical implications for the industry.

Consumer Sentiment and Service Quality
Several studies have emphasized that customer sentiment is strongly influenced by service quality, food 

quality, ambiance, and value for money. Research by (26) introduced the SERVQUAL model, which highlights 
five key dimensions of service quality: reliability, assurance, tangibles, empathy, and responsiveness. These 
factors significantly impact customer satisfaction and review behaviors. Studies (45,46) confirm that higher-
end establishments, such as luxury hotels and fine dining restaurants, often perform better in these service 
dimensions, leading to more favorable sentiment in online reviews. This is consistent with the pattern observed 
in this study, where premium establishments generally receive more positive feedback.

Furthermore, research by (47) found that negative customer sentiment in budget-friendly establishments 
is often driven by unmet expectations related to hygiene, food presentation, and customer service. Similar 
patterns have been observed in fast food chains and budget hotels, where customer dissatisfaction is often 
linked to speed of service, food freshness, and affordability trade-offs. The findings of this study align with these 
past studies, reinforcing that businesses targeting budget-conscious consumers need to manage expectations 
effectively and focus on service improvements to reduce negative sentiment.
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Online Review Platforms and Consumer Behavior
The role of review platforms in shaping customer sentiment has been extensively discussed in hospitality 

and marketing literature. Study by (37) suggest that TripAdvisor, being a structured review platform, attracts 
customers who are more likely to leave in-depth and positive feedback. This aligns with findings from studies 
by (48,49), which indicate that customers who take time to write detailed reviews tend to be more satisfied with 
their experiences. These studies explain why TripAdvisor continues to generate higher positive sentiment, as 
customers who have a pleasant dining or lodging experience are more motivated to share their opinions.

In contrast, Twitter has been widely recognized as a platform for real-time complaints and immediate 
customer feedback.(38) Research suggests that negative sentiment is amplified on Twitter due to its fast-paced 
nature and viral potential. A study by (50) found that dissatisfied customers are more likely to leave impulsive 
reviews on social media platforms, particularly when service failures occur. This explains why Twitter is 
commonly associated with negative sentiment, as users use the platform as an outlet to voice frustrations, 
seek rapid resolutions, or influence public perception.

The Impact of Sentiment on Consumer Decision-Making
The influence of sentiment on consumer decision-making and business performance has been widely 

documented in hospitality research. Studies by (51) indicate that potential customers rely heavily on online 
sentiment when choosing restaurants and hotels. Positive sentiment enhances brand reputation, whereas 
negative sentiment especially if left unaddressed can deter potential customers. Research by (31,32) supports 
this, emphasizing that higher-rated businesses tend to attract more bookings and customer loyalty. This study 
reinforces the importance of reputation management, especially on platforms where negative sentiment 
spreads quickly.

Additionally, several studies indicate that neutral sentiment is an overlooked but important category in 
consumer decision-making. While extreme reviews (very positive or very negative) attract the most attention, 
research by (33) suggests that neutral reviews serve as credibility anchors, providing balanced perspectives that 
influence customer trust. This aligns with observations that platforms like Google Reviews and Facebook exhibit 
balanced sentiment distributions, making them important spaces for reputation management and customer 
engagement.

Strategic Implications for Businesses
The relationship between sentiment trends, platform behaviors, and service quality perceptions provides 

actionable insights for businesses. Past studies emphasize that proactive engagement with online reviews 
enhances customer trust and loyalty. A study by (52) highlights that businesses that respond to both positive and 
negative reviews tend to perform better in consumer perception metrics. This suggests that restaurants and 
hotels must tailor their engagement strategies based on platform-specific sentiment trends.

Another key insight from the literature is the importance of AI-driven sentiment analysis in business strategy. 
Studies by (53,54) suggest that automated sentiment analysis tools can help businesses detect service issues in real 
time, allowing them to address problems before they escalate. The use of natural language processing (NLP) 
and AI-based customer feedback monitoring can help businesses predict trends in sentiment shifts and take 
proactive measures to enhance customer satisfaction.

CONCLUSIONS
This study explored customer sentiment analysis in Jordan’s food and beverage sector, focusing on how 

sentiment varies across different establishment types and digital platforms. The findings highlight key trends 
in customer satisfaction, online review behaviors, and digital engagement strategies. The analysis reveals that 
premium establishments, such as luxury hotels and fine dining restaurants, generally receive more positive 
sentiment, while budget hotels and fast food chains face higher negative sentiment due to issues related to 
service quality, food consistency, and customer expectations. Despite these trends, statistical analysis (ANOVA 
test) indicates no significant difference in sentiment across establishment types, suggesting that all businesses 
receive a mix of positive, neutral, and negative reviews.

Conversely, the Chi-Square test confirms a significant difference in sentiment distribution across digital 
platforms. TripAdvisor is the most positively reviewed platform, reflecting its structured review system and 
detailed customer feedback. Facebook and Google Reviews show a balanced sentiment trend, making them 
important for brand credibility and general customer engagement. Twitter exhibits the highest negative 
sentiment, reinforcing its role as a platform for real-time complaints and customer grievances. These insights 
emphasize the importance of platform-specific digital reputation management. Businesses must leverage 
TripAdvisor for positive review amplification, actively monitor Facebook and Google Reviews for balanced 
customer engagement, and implement a proactive crisis management strategy on Twitter.

From a strategic perspective, businesses in the food and beverage sector must focus on enhancing service 
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quality, maintaining food consistency, and responding effectively to online reviews to improve customer 
satisfaction. The integration of AI-driven sentiment analysis tools can further help businesses identify emerging 
trends, predict customer preferences, and address negative sentiment in real-time. Overall, this study 
contributes to the growing body of research on AI-driven sentiment analysis, online reputation management, 
and customer behavior in digital platforms. Future research should explore the impact of AI personalization 
in hospitality, customer sentiment shifts over time, and the role of sentiment analysis in predictive business 
strategies.
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