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Abstract
Purpose – This study aims to investigate the differences in guest sentiments between smart and traditional 
hotels and to understand the factors that influence these differences. 
Design/methodology/approach – Sentiment analysis was conducted on a data set comprising 8,147 
reviews collected from TripAdvisor, with 3,664 reviews about smart hotels and 4,483 reviews about traditional 
hotels from 2016 to 2021. Data extraction was performed using Python with the Selenium package for web 
scraping. 
Findings – The findings revealed no significant differences in guest sentiments between smart and traditional 
hotels across dimensions, including overall sentiment, cleanliness, value for money, room quality, sleep 
quality and location. However, traditional hotels received significantly higher sentiment scores in service 
quality than smart hotels. In addition, a significant positive relationship was found between sentiments towards 
each dimension and overall sentiments for both smart and traditional hotels. 
Originality/value – Although research has investigated guest perceptions of smart and high-tech hotels, 
there has been no comparative study of perceptions between smart and traditional hotels. This study addresses 
this gap by using comparative sentiment analysis on online reviews. The findings provide academics and 
practitioners with essential insights into the performance of smart hotels compared to their traditional 
counterparts. 

Keywords Smart hotels, Traditional hotels, Online reviews, Sentiment analysis, TripAdvisor

Paper type Research paper

Hoteles inteligentes vs. hoteles tradicionales: un análisis de sentimientos 

Resumen
Objetivo – Este estudio tiene como objetivo investigar las diferencias en los sentimientos de los huéspedes 
entre hoteles inteligentes y hoteles tradicionales, así como comprender los factores que influyen en dichas 
diferencias 
Diseño/metodología/enfoque – Se realizó un análisis de sentimientos sobre un conjunto de datos 
compuesto por 8.147 reseñas recopiladas de TripAdvisor, incluyendo 3.664 reseñas sobre hoteles inteligentes 
y 4.483 sobre hoteles tradicionales, correspondientes al período 2016–2021. La extracción de datos se llevó a 
cabo utilizando Python con el paquete Selenium para web scraping. 
Resultados – Los resultados revelan que no existen diferencias significativas en los sentimientos de los 
huéspedes entre hoteles inteligentes y tradicionales en diversas dimensiones, incluyendo el sentimiento 
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general, la limpieza, la relación calidad-precio, la calidad de la habitación, la calidad del sueño y la ubicación. 
No obstante, los hoteles tradicionales obtuvieron puntuaciones significativamente más altas en la calidad del 
servicio en comparación con los hoteles inteligentes. Además, se encontró una relación positiva significativa 
entre los sentimientos hacia cada dimensión y el sentimiento global en ambos tipos de hoteles. 
Originalidad/valor – Aunque investigaciones previas han analizado las percepciones de los huéspedes sobre 
hoteles inteligentes y de alta tecnología, no existían estudios comparativos entre hoteles inteligentes y tradicionales. 
Este trabajo cubre dicha laguna mediante un análisis comparativo de sentimientos basado en reseñas online. Los 
resultados ofrecen implicaciones relevantes tanto para la comunidad académica como para profesionales del sector en 
relación con el desempeño de los hoteles inteligentes frente a sus homólogos tradicionales. 
Palabras clave Hoteles inteligentes, Hoteles tradicionales, Reseñas online, Análisis de sentimientos, 
TripAdvisor
Tipo de artículo  Trabajo de investigación

智慧型酒店與傳統酒店：情感分析研究 
摘要
⽬的 – 本研究旨在探討智慧型酒店與傳統酒店之間的旅客情感差異, 及影響這些情感的相關因素。 

設計∕⽅法∕途徑 – 本研究使⽤情感分析⽅法，針對從  TripAdvisor 收集的 8,147 則評論進⾏分析, 
其中包括 3,664 則關於智慧型酒店與 4,483 則關於傳統酒店的評論, 涵蓋2016年⾄2021年。數據以 
Python 搭配 Selenium 套件進⾏網⾴爬蟲抓取。 
結果 – 研究顯⽰, 在整體情感、清潔程度、性價⽐、房間品質、睡眠品質及地理位置等⽅⾯, 智慧型 
酒店與傳統酒店之間的旅客情感無顯著差異。然⽽, 在服務品質⽅⾯, 傳統酒店的情感分數顯著⾼於 
智慧型酒店。此外, 對於智慧型與傳統酒店⽽⾔, 各⽅⾯的情感與整體情感之間皆存在顯著正向關 
係。 

原創性 – 儘管已有研究探討旅客對智慧型與⾼科技酒店的認知，卻缺乏針對智慧型與傳統酒店間認 
知差異的⽐較性研究。本研究透過對線上評論進⾏⽐較性情感分析，填補此研究空⽩，並為學術界 
與業界提供關於智慧型酒店相對於傳統酒店表現的關鍵洞⾒。 

关键词 智慧型酒店, 傳統酒店, 線上評論, 情感分析, TripAdvisor

⽂章类型 研究型论⽂

1. Introduction
The hospitality industry has transformed with smart hotels leveraging advanced technologies 
to enhance guest experiences and operations (Law et al., 2022). Smartness in hospitality has 
gained attention due to global trends in service innovation (Stylos et al., 2021). Unlike 
traditional hotels, smart hotels use synchronized technologies for data-driven personalization, 
improving efficiency and customer satisfaction (Kabadayi et al., 2019). Understanding guest 
perceptions of smart technologies is critical to tailoring services and maintaining 
competitiveness (Bharwani and Mathews, 2021; Han et al., 2021).

Online reviews have emerged as a key factor influencing guest attitudes and perceptions 
towards hotels (Tajeddini et al., 2021), serving as a trusted reference for potential guests seeking 
informed choices (Guerreiro and Rita, 2020). Consequently, hotels with positive reviews and 
high ratings are better positioned to attract potential customers (Gavilan et al., 2018).

Despite growing research on smart hospitality, comparative studies between smart and 
traditional hotels remain scarce. Prior work has explored guest acceptance of smart hotels 
(Elshaer and Marzouk, 2022) or analysed sentiments in high-tech hotels (Luo et al., 2021; 
Mariani and Borghi, 2021; Qi and Mo, 2021), but lacks authentic comparisons of guest 
experiences. This study addresses this gap by analysing online reviews to compare 
sentiments between traditional and smart hotels across six key categories identified by Ho 
et al. (2020), namely, cleanliness, value for money, room quality, sleep quality, service 
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quality and location, and thus understanding their impact on the overall guest sentiment. 
Specifically, it aims to answer the following questions:

Q1. How do hotel smart technologies enhance guest reviews?

Q2. Do guest reviews vary by hotel type?

Q3. Which categories most impact sentiment for each hotel type?

As digital transformation reshapes the hospitality landscape, understanding the comparative 
advantages of smart and traditional hotels is the key to strategic adaptability in an era of 
shifting guest demands (Elshaer and Marzouk, 2022). This study advances academic 
understanding and offers actionable insights into enhancing service delivery and guest 
experiences.

2. Literature review
2.1 Smart hotels
Emerging in the late 2000s, smart hotels represent a technological evolution in hospitality, 
using artificial intelligence (AI) and the Internet of Things (IoT) to transform guest 
experiences and operational efficiency (Yang et al., 2021). Kim and Han (2020) defined a 
smart hotel as an establishment that delivers technology-oriented and unconventional 
customer experiences. These hotels employ various intelligent solutions like delivery robots, 
chatbots and voice-activated systems (Kim et al., 2020). Özen and Özgül Katlav (2023)
suggested that these establish and enhance satisfaction through innovation.

AI’s potential in hospitality depends on the presence of human expertise and the 
alignment with guest expectations (Jabeen et al., 2022). Positive experience with smart 
services drives loyalty and recommendations (Hernandez-Ortega and Ferreira, 2021). 
Meanwhile, post-pandemic demand for contactless services further accelerated adoption 
(Chen et al., 2021). Although existing studies recognize the competitive advantages of smart 
hospitality services (Luo et al., 2021; Mariani and Borghi, 2021; Qi and Mo, 2021), there is a 
gap in the comparative examination of guest satisfaction and operational effectiveness 
between smart and traditional hotels.

2.2 Electronic word-of-mouth in smart hotels
Word of mouth (WOM) refers to the informal discussions about products or services among 
consumers (Guo et al., 2022), while electronic word-of-mouth (eWOM) extends this through 
online reviews and social media, influencing purchase decisions (Guerreiro and Rita, 2020; 
Roy et al., 2021). However, the absence of nonverbal cues in eWOM, such as voice tone and 
facial expressions, may hinder emotional interpretation (Mukhopadhyay et al., 2023).

Despite efforts made in previous studies to explore various aspects of eWOM, such as the 
influence of age (Israeli et al., 2019), travel patterns (Phillips et al., 2020) and cultural 
background (Antonio et al., 2018), the specific attributes of eWOM in smart hotels, compared 
to traditional service feedback, have not been thoroughly researched. This research aims to fill 
that gap by focusing on how eWOM reflects customer interactions with technological 
innovations in smart hotels and how they contrast with traditional services feedback.

2.3 Sentiment analysis of smart hotels
Sentiment analysis involves applying natural language processing and text mining to identify 
sentiments within texts (Rita et al., 2023). Tools like Leximancer score review phrases and 
highlight sentiment patterns, enabling analysis of unstructured hospitality data such as guest 

Spanish Journal of 
Marketing - ESIC    

Downloaded from ftp.​nowpublishers.​com/​sjme/​article-pdf/​doi/​10.​1108/​SJME-10-2023-0271/​11680023/​sjme-10-2023-0271en.​pdf by guest on 24 September 2026



reviews (Cheng and Jin, 2019; Ma et al., 2018). Hospitality research is increasingly applying 
these techniques, particularly with TripAdvisor data, given its significant impact on 
consumer decision-making (Mehraliyev et al., 2022). Ho et al. (2020) identified six key 
categories from TripAdvisor reviews for sentiment analysis, including cleanliness, value for 
money, room, sleep, service and location, while Rita et al. (2022) compared sentiments and 
tone of voice between reviews on Booking.com and TripAdvisor, revealing that the tone 
varied with hotel category.

Existing studies on sentiment analysis within the hospitality industry have used various 
methodologies to understand customer perceptions of smart hotel services. Mariani and 
Borghi (2021) applied logistic regression to assess guest evaluations of hotel AI services and 
Qi and Mo (2021) used the Python programming language to analyse Ctrip user reviews of 
smart hotels. Luo et al. (2021) used a rule-based model, VADER, for analysing sentiments 
related to robot service attributes. However, research targeting high-tech hotels using 
sentiment analysis remains scarce. In particular, these analyses did not consider critical 
factors like hotel types (smart/traditional) and specific attributes, which can impact the 
overarching sentiment (Kim et al., 2021). This study addresses these gaps by providing a 
comparison of sentiments towards smart and traditional hotels, focusing on critical factors 
influencing guest satisfaction and operational efficiency.

3. Hypotheses development and conceptual framework
3.1 Research hypotheses
Ho et al. (2020) identify six key aspects of hotel reviews that contribute to understanding 
guest satisfaction: cleanliness, value for money, room quality, sleep quality, service quality 
and location. Cleanliness remains fundamental, particularly for health and safety (Han et al., 
2021). Value for money directly impacts guests’ overall experience and revisit intentions 
(Kim and Canina, 2015). Room and sleep quality are linked to comfort (Zhang et al., 2023), 
and service quality reflects staff performance (Nunkoo et al., 2020). Finally, location 
influences convenience and overall satisfaction (Alvarez Leon et al., 2021). Recent literature 
emphasizes the importance of these dimensions in both traditional and smart hotel settings 
(Chen et al., 2018; Cheong and Law, 2023). Existing research shows mixed results regarding 
the impact of smart technology. While Özen and Özgül Katlav’s (2023) study revealed guest 
satisfaction, Chan and Tung (2019) indicated drawbacks like technical failures and reduced 
human interaction. Our analysis will evaluate these trade-offs while assessing overall guest 
sentiment towards both hotel categories across the six attributes.

3.1.1 Overall sentiment. La et al. (2022) defined sentiment as “a person’s attitude 
towards certain things after cognitive participation, which does not change instantaneously” 
(p. 465). This study analyses overall sentiment through both review text (qualitative) and star 
ratings (quantitative), offering complementary insights (Rita et al., 2022). While sentiment 
analysis provides detailed emotional feedback on specific aspects of satisfaction (Gunasekar 
and Sudhakar, 2019), star ratings offer a simplified satisfaction metric (Lai et al., 2021).

Smart hotels employ advanced technologies to deliver personalized services and 
operational efficiency (Yang et al., 2021). Their interactive and tech-enhanced experiences 
typically generate greater satisfaction (Qi and Mo, 2021; Özen and Özgül Katlav, 2023) and 
memorable stays through tailored services (Elshaer and Marzouk, 2022). Although technical 
issues and reduced human interaction remain concerns (Chan and Tung, 2019), benefits 
generally outweigh drawbacks, fostering more positive sentiments (Elshaer and Marzouk, 
2022). Therefore, we posit:

H1. Overall sentiment will be more positive for smart hotels than traditional ones.
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3.1.2 Cleanliness. Cleanliness is critical for customers’ decision-making and satisfaction 
(Manolitzas et al., 2022). Smart hotels leverage technologies to enhance cleanliness perception 
through contactless services and automated cleaning systems (Chen et al., 2021), reducing 
contamination risks (Pillai et al., 2021). Traditional hotels counter with human cleaners’ 
adaptability to specific needs (Hoang and Tran, 2022). While smart hotels offer technological 
efficiency, traditional hotels provide a more personalized experience. We hypothesize:

H2. The sentiment towards cleanliness will be more positive for smart hotels than 
traditional hotels.

H2a. Cleanliness in smart hotels has a positive impact on overall sentiment.

H2b. Cleanliness in traditional hotels has a positive impact on overall sentiment.

3.1.3 Value for money. Value for money refers to the balance between price and perceived 
quality (Kim and Canina, 2015). Studies suggested that smart hotels might be perceived as 
offering better value for money due to their tech-driven efficiencies and modern amenities 
(de Kervenoael et al., 2020; Li et al., 2022), while traditional hotels rely on personalized 
services and a human touch, which cater to specific guest needs and create a sense of warmth 
and hospitality (Fan and Mattila, 2021; Pelet et al., 2021). Thus, we posit:

H3. The sentiment towards value for money will be more positive for smart hotels than 
traditional ones.

H3a. The value for money in smart hotels has a positive impact on overall sentiment.

H3b. Value for money in traditional hotels positively impacts overall sentiment.

3.1.4 Room quality. Room quality significantly influences guest satisfaction through 
tangible amenities (Kim et al., 2023). Smart hotels equipped with intelligent guest bedrooms 
and customizable amenities have an edge over traditional hotels regarding room quality 
sentiment, such as voice-activated devices, customizable room ambience and virtual support 
interfaces (Rajesh et al., 2022), though technical issues may occur (Chan and Tung, 2019). 
Conversely, traditional hotels, while less technologically advanced, maintain broad appeal 
through consistent, reliable room quality and personalized experiences (Pelet et al., 2021; 
Zhang et al., 2023). Thus, we posit:

H4. The sentiment towards room quality will be more positive for smart hotels than 
traditional ones.

H4a. Room quality in smart hotels positively impacts overall sentiment.

H4b. Room quality in traditional hotels positively impacts overall sentiment.

3.1.5 Sleep quality. Yang et al. (2021) defined sleep quality as the effectiveness and comfort 
of the sleep experience, regardless of the length of sleep. It affects guest satisfaction as a core 
hotel service (Chen et al., 2018). Smart hotels enhance sleep through customizable 
environments like digital soundproofing and adjustable lighting (Kim et al., 2021; Kim and 
Han, 2020), while the fundamentals of sleep quality, such as bedding, mattresses and pillows, 
are traditionally essential components that ensure a restful sleep experience (Pallesen et al., 
2016). Thus, we propose:

H5. The sentiment towards sleep quality will be more positive for smart hotels than 
traditional hotels.
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H5a. Sleep quality in smart hotels positively impacts overall sentiment.

H5b. Sleep quality in traditional hotels positively impacts overall sentiment.

3.1.6 Service quality. Service quality reflects how well the service meets or exceeds 
expectations (Nunkoo et al., 2020). Smart hotels use technologies such as rapid response 
systems, robots and self-service kiosks to offer convenience and improve guest satisfaction 
(Zhang et al., 2023). However, traditional hotels excel in human touch and attention to detail 
(Fan and Mattila, 2021). Accordingly, we posit:

H6. The sentiment towards service quality will be more positive for smart hotels than 
traditional ones.

H6a. Service quality in smart hotels positively impacts overall sentiment.

H6b. Service quality in traditional hotels positively impacts overall sentiment.

3.1.7 Location. In the hospitality industry, location refers to the physical site of a hotel, 
which involves various geographic and environmental factors that can affect guests’ decision 
to stay and their overall satisfaction (Alvarez Leon et al., 2021; Yang et al., 2018). Smart 
technologies enhance location value through beacon systems and digital concierges that 
personalize experiences (Ercan, 2019; Pai et al., 2020; Han et al., 2021), while traditional 
hotels compensate for accessibility limitations with services like shuttles and parking (Yang 
et al., 2018). Hence, we posit:

H7. The sentiment towards location will be more positive for smart hotels than 
traditional ones.

H7a. Location in smart hotels has a positive impact on overall sentiment.

H7b. Location in traditional hotels has a positive impact on overall sentiment.

Accordingly, the conceptual model is shown in Figure 1.

4. Methodology
4.1 Sample selection
The primary challenge of this study was identifying hotels that used both traditional and 
smart service offerings. Following Kabadayi et al. (2019), we defined smart hotels by their 
technology-driven, proactive services (smart rooms, robots and IoT devices), contrasting 
with traditional hotels’ human-centric approach. We focused on US hotels due to their 
widespread adoption of hospitality technologies (Cheong and Law, 2023), selecting 
properties based on four website sources:

(1) On the cutting edge: The four most high-tech hotels in the USA (Richard, 2017).
(2) Innovative stays: The 12 most high-tech hotels in the World (Muoio, 2016).
(3) Future-ready lodging: The nine most futuristic high-tech hotels in the World 

(Hollander, 2023).
(4) Guest insights: What do guests say about the ten most high-tech hotels in the 

World? (SiteMinder, 2023).

The study selected a hotel sample from sources that listed US high-tech properties meeting 
the analytical criteria. From an initial pool of 35 smart hotels identified through these 
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sources, the final sample included 10 smart hotels and 10 traditional counterparts. The 
selection of the 10 smart hotels was based on three key criteria: geographical limitation to the 
US market for consistency and technological concentration, exclusion of properties with 
insufficient TripAdvisor reviews to ensure reliable sentiment data and prioritization of hotels 

Figure 1. Conceptual framework 
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that demonstrated recent technological implementation through online activity verification. 
The sample maintained geographic diversity by including two smart and two traditional 
hotels from each of New York and California, states with high smart hotel density, along with 
one representative property from other states, such as Connecticut. To enable direct 
comparison, each selected smart hotel (e.g. citizenM New York) was paired with a 
comparable traditional property located in the same area. The complete list of hotels is 
shown in Table 1.

Table 1. List of hotels under study

State Smart hotels Stars Traditional hotels Stars

Connecticut J House Greenwich 4 Omni New Haven Hotel at Yale 4
New York YOTEL New York 3 The Jewel Hotel 4
New York CitizenM 4 Arlo NoMad 4
Virginia Hilton McLean Tysons Corner 4 The Berkeley Hotel 4
California Aloft Cupertino 3 Harbor House Inn 3
Washington Hotel 1000 4 Lake Quinault Lodge 3
Nevada Aria Resort & Casino 5 Mizpah Hotel 3
North Carolina Charlotte Marriott City Center 4 Haywood Park Hotel 4
California Hotel Zetta 4 The Mosser 3
Illinois Virgin Hotels Chicago 4 The Whitehall Hotel 4

4.2 Data collection and cleaning
We compiled a comprehensive data set spanning 2016–2021 in July 2022. A total of 8,614 
reviews were initially extracted from TripAdvisor using systematic web scraping, chosen for 
its popularity and data reliability (Xiang et al., 2017). After data cleaning, the data set was 
reduced to 8,147 reviews across 20 selected hotels. Reviews were filtered by removing 
duplicates, empty texts, emojis and special characters, applying text normalization 
(lowercasing and trimming whitespace) and excluding non-English content to ensure 
consistency in sentiment analysis. The final data set comprised 3,664 reviews from smart 
hotels and 4,483 from traditional hotels.

Although Web scraping enables large-scale data collection, selecting 20 hotels ensured a 
balanced and methodologically sound comparison. To examine sentiment differences 
between smart and traditional hotels, an equal split of ten in each category was essential. 
Expanding the sample risked inconsistencies from variations in classification, location and 
technology, which could undermine comparability. Therefore, the data set focuses on a 
controlled yet diverse selection of hotels to yield meaningful insights.

4.3 Data analysis
Data was extracted using Python and the Selenium package (Selenium, n.d.), which 
automates Web browsers and supports JavaScript, enabling efficient scraping from 
TripAdvisor. Selenium’s ability to simulate mouse clicks allowed seamless navigation 
through review pages. The Python script, adapted from Gambino (2022), was customized to 
handle multiple hotels. Separate CSV files were generated for smart and traditional hotels, 
followed by a cleaning process. Since each row’s data was stored in a single comma- 
separated cell, the content was reorganized into a tabular format and converted to Excel. 
Occasionally, review texts spilled into adjacent cells; instead of discarding these rare cases, 
the fragments were merged back into the original cell. Missing values were addressed, and 
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the TRIM function was used to remove excess spaces in review texts. For analysis, a binary 
“Hotel Type” column was added (1) for smart hotels and (0) for traditional hotels, before 
merging the two files into a single data set covering all 20 hotels. The data set description is 
shown in Table 2.

Table 2. Description of the data set

Field Description

Hotel name The name of the hotel was extracted for each review
Hotel rating The overall rating provided by the customer ranges from 1 to 5
Review date Date when the review was posted
Review title Title of the written review
Review content Written review where the sentiment analysis is performed
Hotel type A binary column was added to distinguish the smart (1) and traditional hotels (0)

Following data preparation, sentiment analysis was conducted with a focus on category- 
specific insights. Reviews were parsed into phrases using spaCy (Honnibal and Montani, 
2017), which enabled text preprocessing and sentence tokenization. Each sentence was 
placed in a new row, preserving the review’s metadata. Once a sentence-level data set was 
created, sentiment scores were assigned using VADER, a rule- and lexicon-based Python 
package (Hutto and Gilbert, 2014). VADER’s ability to detect punctuation, capitalization and 
negation eliminated the need for lemmatization or stopword removal. It generated sentiment 
scores including positive, negative and neutral, but only the normalized compound score 
(ranging from −1 to + 1) was retained, reflecting overall sentiment polarity. Sentences with 
no detectable sentiment were given a score of 0. This scoring method was also applied to the 
unsegmented data set to enable broader sentiment comparison.

To analyse sentiments by category, a keyword dictionary was developed to identify frequent 
and relevant terms. Only category-indicative words were retained. Ahn’s (2018) term frequency 
solution, which excludes stopwords, was applied via CountVectorizer from Scikit-learn 
(Pedregosa et al., 2011) to tokenize sentences. Selected keywords for each category are listed in 
Table 3. For instance, the term “check” was contextually recoded as “check-in” and “check-out” 
to fit the sleep quality category. Reviews were filtered using category-specific keywords, and 
average sentiment scores were calculated in Excel. Statistical analysis was performed in Python. 
Descriptive statistics summarized the data, and comparative analyses evaluated whether 
sentiment differences between smart and traditional hotels were statistically significant.

Table 3. Dictionary of categories

Cleanliness Clean

Value for Money Price, value
Room quality Room, bathroom, shower, toilet, amenities, suite, TV
Sleep quality Sleep, bed
Service quality Staff, service, desk, valet, check in, check out
Location Location, city, walk, street, located

5. Results and discussion
5.1 General description of review data
The review data is summarized in Table 4, highlighting the distribution of reviews across 
various states. Notably, New York and California account for the highest concentration of 
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reviews, with 21.93% and 18.50% of the total, respectively. This significant concentration 
can be attributed to the strategic selection of a smarter and more traditional hotel in each 
location, which reflects the diverse accommodation preferences and tourism dynamics in 
these major states. We can gain insights into regional trends and customer preferences by 
analysing these distributions, providing a foundation for targeted marketing strategies and 
service enhancements.

Table 4. Number of hotel reviews by state

State
No. of reviews

Total % of totalSmart hotels Traditional hotels

Connecticut 450 449 899 11.03
New York 900 887 1,787 21.93
Virginia 450 450 900 11.05
California 608 899 1,507 18.50
Washington 369 450 819 10.05
Nevada 297 450 747 9.17
North Carolina 300 450 750 9.21
Illinois 290 448 738 9.06
Total 3,664 4,483 8,147 -

5.2 Overall sentiments
We analyse the overall sentiment using two distinct approaches: sentiment analysis based on 
the content of the reviews and sentiment analysis based on the star ratings provided by the 
guests.

5.2.1 Overall sentiments by reviews. Before analysing the target categories, the 
sentiment of the reviews was obtained without sentence parsing to provide an overall view 
of both hotel types. It is important to note that there is a difference in the number of hotel 
reviews retrieved. This difference is because some smart hotels did not have as many 
reviews as traditional ones, since few were relatively new. The results in Table 5 indicate 
that the sentiment is higher in hotels that do not use smart technologies. Accordingly, the 
reviews for smart hotels present an average sentiment of approximately 0.74, while the 
traditional ones have an average of 0.79. Both show a relatively positive sentiment. 
Despite the technological advancements and differences in offerings between smart and 
traditional hotels, the overall sentiments do not differ significantly between the two types 
of hotels (p = 0.153, p > 0.05).

5.2.2 Overall sentiments by review ratings. Each review includes an overall rating, a 
crucial measure of customer satisfaction. Overall sentiments between smart hotels and 
traditional hotels were systematically compared across different review ratings, ranging from 
1-star to 5-star reviews, respectively. Figure 2 illustrates the average sentiment scores 

Table 5. Overall sentiments and Kruskal–Wallis statistical results per hotel type

Hotel type No. of reviews % of total Average sentiment SD Statistics p-value

Smart 3,664 44.97 0.737 0.489 2.004 0.153
Traditional 4,483 55.03 0.786 0.423 - -
Total 8,147 - - - - -
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corresponding to each guest rating. The sentiment associated with 2-star and 5-star reviews 
shows a marginal preference for smart hotels, though the sentiment discrepancy is relatively 
minor. For 1-star, 3-star and 4-star reviews, the sentiment is more favourable towards 
traditional hotels. Notably, 1-star reviews for smart hotels exhibit a lower compound 
sentiment score than those for traditional hotels, indicating significantly more negative 
discourse for the former. The findings suggest that while smart hotels slightly edge out in 
higher-ranked reviews, the significant dissatisfaction reflected in the lower sentiment scores 
for 1-star reviews indicates potential areas for improvement in smart hotel services to align 
better with customer expectations.

Figure 2. Average sentiment scores by review rating (ranging from 1-star to 5-star) between smart 
hotels and traditional hotels 

5.2.3 Overall sentiments across the study period. Evaluating sentiments over time offers 
valuable insights into guests’ perceptions of different types of hotels. Figure 3 displays the 
overall sentiment scores of smart and traditional hotels from 2016 to 2021, by year. 
Sentiment levels remained relatively consistent until 2019, when divergence between the 
two hotel types emerged. Sentiment for both types declined after 2020, with smart hotels 
experiencing the most significant drop. The analysis does not identify the reasons for this 
notable decline. However, this trend suggests that the unprecedented challenges of the period 
following 2020 May have disproportionately affected the guest experience at smart hotels, 
possibly due to the higher expectations associated with technology-reliant services (Song 
et al., 2022).

5.3 Average sentiments by category across the study period
The average sentiment scores for all factors associated with smart hotels declined after 2020, 
as shown in Figure 4. This downturn correlates with the trends illustrated in Figure 3, 
suggesting that the cleanliness category may have played a significant role in the marked 
reduction of overall sentiment. In contrast, the sentiment scores for traditional hotels exhibit 
more stability. Following 2020, sentiments for specific categories, including cleanliness, 
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value and location, have shown an upward trajectory. Moreover, it is crucial to acknowledge 
that, over the years, cleanliness consistently holds the highest average sentiment for both 
types of hotels. Additionally, the sentiment towards cleanliness in traditional hotels increased 
from 2020 to 2021. This surge could explain the lesser decline in the overall sentiment for 
traditional hotels.

Figure 3. Overall sentiment scores of smart and traditional hotels from 2016 to 2021 

Although technology enhances guest safety with a seamless and contactless experience, 
prioritizing cleanliness and reducing physical interactions in hospitality services during the 
pandemic era (Pillai et al., 2021), the apparent decline in cleanliness sentiment scores at 
smart hotels, in contrast to traditional ones, may be attributed to guests’ trust in the efficacy 
of smart technology (Elshaer and Marzouk, 2022). Considering the hotel guests’ heightened 
emphasis on cleanliness during the pandemic, traditional hotels might have more effectively 
met their heightened expectations for hygiene emphasizing the visible presence of cleaning 
staff, which serves as an essential cue for cleanliness to guests (Yang et al., 2024).

5.4 Average sentiment by category
As shown in Table 6, 33,653 phrases were identified using the previously established 
keywords. The most frequently mentioned categories were “room” and “service quality”, 
comprising 37.27% and 25.46%, respectively. Despite the higher overall sentiment 
compound score for traditional hotels, it is worth noting that smart hotels scored higher in 
three categories: room quality, sleep quality and location, although the latter two showed 
only a slight difference. This may indicate that the primary positive impacts of smart 
technologies are most noticeable in the rooms, given the association between sleep quality 
and room quality. The reason for the higher room quality sentiment in smart hotels may be 
attributed to their ability to personalize the sleeping environment to meet the individual 
needs of guests using cutting-edge technology (Kim et al., 2023). Consistent with Rajesh 
et al. (2022), smart hotels with intelligent features and adaptable room amenities generally 
offer a more satisfying experience.
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Figure 4. Average sentiments by category from 2016 to 2021 for (a) smart hotels and (b) traditional 
hotels 

Table 6. Average sentiments by category and Kruskal–Wallis statistical results of smart hotels and 
traditional hotels

No. of phrases Average sentiment SD

Category S T % of total S T
Diff.  
(S − T) S T Statistics p-value

Cleanliness 1,322 1,659 8.86 0.541 0.574 −0.032 0.367 0.343 3.365 0.067
Value for money 511 795 3.88 0.318 0.325 −0.006 0.425 0.428 0.155 0.694
Room quality 5,560 6,983 37.27 0.296 0.289 0.007 0.432 0.421 1.681 0.195
Sleep quality 1,114 1,404 7.48 0.336 0.328 0.008 0.460 0.437 1.136 0.286
Service quality 4,098 4,470 25.46 0.398 0.456 −0.058 0.432 0.410 35.733 0.000*
Location 2,007 3,730 17.05 0.406 0.402 0.004 0.392 0.381 0.787 0.375
Total 14,612 19,041 - - - - - - - -

Note(s): p-values marked with an asterisk (*) indicate the statistical significance and S = smart hotels; 
T = traditional hotels
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Overall, most categories exhibit slight differences in sentiment between smart and 
traditional hotels, with none being statistically significant, except for service quality 
(p = 0.000, p < 0.05). In terms of service quality, smart hotels score significantly lower in 
sentiment than traditional hotels, indicating that customers experienced or perceived lower 
service quality in smart hotels (average sentiment = 0.398) compared to traditional hotels 
(average sentiment = 0.456). The findings suggest that guests may still prefer the human 
service offered by traditional hotels over the automated services provided by smart 
technologies. Such a phenomenon may be explained by the fact that human interaction and 
adaptability in service are still valued by guests, mainly when their demands are high or 
when the situation calls for a flexible and personalized response (Fan et al., 2022). 
Accordingly, except for H6, H1, H2, H3, H4, H5 and H7 are rejected.

5.5 Influence of individual category on the overall sentiments
For a more comprehensive analysis, the Pearson correlation coefficients were computed to 
assess the relationship between the sentiment scores for individual categories and the overall 
satisfaction ratings given by reviewers. As shown in Table 7, the coefficients are all positive 
and significant at the 0.01 level, suggesting a strong positive relationship between the 
sentiments in the individual categories and overall sentiments for both smart and traditional 
hotels. Cleanliness and service quality were the most influential factors across both hotel 
types, suggesting a stronger impact on overall guest satisfaction. Location had the weakest 
correlation, particularly in traditional hotels. In addition to cleanliness and service, sleep 
quality and room quality significantly contribute to guest satisfaction, with greater emphasis 
on smart hotels. The findings support studies indicating the importance of memorable 
experiences and the emotional aspect of guests’ stay in smart hotels (Han et al., 2021; Kim 
and Han, 2020).

Table 7. Pearson correlation coefficients for the individual category and overall sentiments by hotel 
type

Category
Correlation coefficients

Smart hotels Traditional hotels

Cleanliness 0.551** 0.485**
Value for money 0.396** 0.375**
Room quality 0.474** 0.435**
Sleep quality 0.521** 0.453**
Service quality 0.539** 0.471**
Location 0.330** 0.195**

Note(s): **Correlation is significant at the 0.01 level

5.5.1 Cleanliness. The significant positive correlation suggests that cleanliness is 
strongly associated with overall ratings in smart hotels. A previous study by Chen et al. 
(2021) suggested that cleanliness is crucial to guest satisfaction in technologically advanced 
hotels. Similarly, cleanliness is also important in traditional hotels, although it is slightly less 
so. This finding is consistent with a previous study that the competence of human cleaners is 
a key determinant of guest satisfaction (Wu et al., 2015). Accordingly, H2a and H2b are 
supported.

5.5.2 Value for money. The correlation indicates a moderate positive relationship 
between value for money and overall ratings in smart hotels. Li et al. (2022) suggest that 
guests perceive hotels offering advanced technological amenities as having higher value, 
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supporting this finding. A similar moderate positive correlation is observed in traditional 
hotels. This aligns with the findings by Li et al. (2013), who noted that value for money is a 
critical factor in determining guest satisfaction in both luxury and budget hotels. 
Accordingly, H3a and H3b are supported.

5.5.3 Room quality. The correlation shows a strong relationship between room quality 
and overall ratings in smart hotels, consistent with previous research that room quality, 
enhanced by smart technology, significantly impacts guest satisfaction (Rajesh et al., 2022). 
Similarly, the correlation is slightly lower but still strong for traditional hotels. This 
emphasized the importance of traditional elements of room quality, including well- 
maintained rooms and well-prepared room amenities in the overall customer experience, as 
suggested by existing findings (Kim et al., 2023). Thus, H4a and H4b are supported.

5.5.4 Sleep quality. The strong positive correlation suggests that sleep quality is highly 
associated with overall ratings in smart hotels. This is supported by research from Zhang 
et al. (2021), which highlights the adoption of smart technologies in improving sleep quality. 
Similarly, sleep quality also strongly correlates with overall ratings in traditional hotels. This 
finding aligns with research by Chen et al. (2018), who studied factors influencing business 
travellers’ sleep quality and overall hotel satisfaction. Accordingly, H5a and H5b are 
supported.

5.5.5 Service quality. The results indicate a strong positive relationship between service 
quality and overall ratings in smart hotels, as well as a slightly lower but still strong 
correlation for traditional hotels. Rajesh et al. (2022) consistently argued that technology- 
enhanced service quality is crucial for guest satisfaction in smart hotels. Likewise, Fan and 
Mattila (2021) highlighted that traditional hotels prioritize personalized service and attention 
to detail, significantly boosting guest satisfaction. Thus, H6a and H6b are supported.

5.5.6 Location. The correlation shows a moderate positive relationship between location 
and overall ratings in smart hotels. This is somewhat supported by research by Pai et al. 
(2020), who suggested that while location is important, smart technology can somewhat 
mitigate the impact of a less optimal location. A weaker correlation is observed for traditional 
hotels, which aligns with findings by Yang et al. (2018), who noted that location is often a 
critical factor for traditional hotel guests, and traditional hotel amenities such as shuttle 
services can offset the disadvantages of a less convenient location, thus enhancing customer 
satisfaction. Thus, H7a and H7b are supported.

6. Conclusion
This study aims to bridge a gap in the smart hospitality literature by comparing guest 
sentiments towards smart and traditional hotels. A sentiment analysis of online reviews was 
conducted to compare the experiences of customers across smart and traditional hotels in the 
USA, focusing on key factors such as cleanliness, value for money, room quality, sleep 
quality, service quality and location. Contrary to expectations, the comparative analysis 
revealed no significant differences in guest sentiments between the two hotel settings across 
dimensions, including overall sentiment, cleanliness, value for money, room quality, sleep 
quality and location, except for service quality, where traditional hotels received significantly 
higher sentiment scores than smart hotels. Additionally, the findings reveal a significant 
positive correlation between sentiments in individual categories and overall sentiments for 
both smart and traditional hotels.

6.1 Theoretical implications
The research findings make significant theoretical contributions to the existing body of 
literature on hospitality management and technology adoption. Firstly, the findings revealed 
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that while overall guest sentiment does not differ significantly between smart and traditional 
hotels, subtle differences emerge in service quality, where traditional hotels maintain an 
advantage. This underscores the persistent importance of human interaction in customer 
satisfaction (Park et al., 2022), suggesting the complex dynamics in technology acceptance 
where perceived usefulness and ease do not translate to greater satisfaction in all service 
aspects, as observed from previous research (de Kervenoael et al., 2020). Secondly, this 
study reinforces the critical role of cleanliness in shaping guest sentiment. While cleanliness 
remains a universally important factor, traditional hotels may more effectively communicate 
trust and hygiene through tangible cleaning efforts, particularly in an era where health and 
safety concerns have become more prominent (Yang et al., 2024). This supports emerging 
theories that visibility and perceived cleanliness in hospitality settings continue to influence 
satisfaction in tech-enhanced environments (Magnini and Zehrer, 2021). Thirdly, the 
findings contribute to the understanding of how smart technologies enhance specific aspects 
of guest experience, particularly room quality and sleep quality. The ability to personalize 
room settings using smart features appears to be a driver of positive sentiment, supporting 
the idea that smart hotels can leverage technology to enhance service personalization and 
guest comfort (Yang et al., 2021). Fourthly, this research advances the discourse on the 
interplay between human services and technology, offering insights into the evolving service 
quality frameworks in an era increasingly shaped by smart technologies (Pillai et al., 2021). 
Finally, the study addresses the gap in comparative research between smart and traditional 
hotels, providing empirical evidence on the strengths and limitations of each hotel type. 
While smart hotels offer innovative experiences in certain aspects, traditional service 
elements, such as personalized human interaction, continue to play a crucial role in overall 
guest satisfaction.

6.2 Managerial implications
From a managerial standpoint, the findings suggest that while smart hotels excel in certain 
aspects, such as room quality, traditional hotels continue to lead in perceived service quality. 
This emphasizes the importance of balancing technological innovation with personalized 
service, particularly in an era where customer expectations around service adaptability and 
personalization are high (Fan et al., 2022). Therefore, hotel managers, especially those 
operating smart hotels, should consider strategies to enhance the human element of their 
service, even in an automated environment. For example, using chatbots for basic inquiries 
but ensuring a staff member is readily available for complex issues or personal engagement. 
Also, staff should be trained with the skills necessary to provide exceptional, personalized 
service that complements technological conveniences. Furthermore, managers should 
recognize the critical role of cleanliness and ensure that cleaning protocols are visible to 
guests to enhance trust. For smart hotels, leveraging their technological strengths is key. 
Offering more customizable room settings, improving the seamless integration of smart 
features, and ensuring that guests find these innovations intuitive and easy to use can help 
differentiate smart hotels in a competitive market. For traditional hotels, the findings suggest 
that maintaining their strengths in personalized service and consistent cleanliness practices 
remains essential. Managers should focus on training staff to provide exceptional service and 
ensure rigorous housekeeping standards. Moreover, integrating selective smart technologies 
that enhance guest comfort without compromising the traditional hospitality experience can 
provide a balanced approach to meeting diverse guest preferences. Thus, both smart and 
traditional hotels must continually adapt to evolving guest expectations, striking a balance 
between innovation and the core values of hospitality.

Table 8 summarizes the research conclusions and implications.
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Table 8. Conclusions and theoretical and managerial implications

Conclusions Theoretical and managerial implications

No significant differences in guest sentiments between 
smart and traditional hotels (cleanliness, value, room/ 
sleep quality and location), but traditional hotels’ 
service quality scored higher

Theoretical: Confirms human interaction’s 
enduring role
Managerial: Smart hotels integrate human-assisted 
options to complement automation, and traditional 
hotels maintain service strengths

Service quality sentiment is higher in traditional hotels Theoretical: Supports the human touch in customer 
satisfaction
Managerial: Train staff in personalization, and use 
technology to augment, not replace

Cleanliness strongly impacts satisfaction in both Theoretical: Reinforces hygiene’s pivotal role post- 
pandemic
Managerial: Promote customization; traditional 
hotels adopt smart room features

Smart hotels excel in room/sleep quality (tech-enabled 
personalization)

Theoretical: Validates technology’s role in comfort 
and customization
Managerial: Smart hotels promote customization; 
traditional hotels adopt smart room features

Positive correlation between category sentiments 
(service and cleanliness) and overall satisfaction

Theoretical: Confirms multi-dimensional service 
quality frameworks
Managerial: Prioritize high-performing areas (e.g. 
cleanliness) to boost overall satisfaction

6.3 Limitations and future research
This study presents several limitations. Firstly, the sample includes an imbalance in the 
number of reviews. Albeit modest, it could potentially skew the representativeness of the 
findings. Secondly, although the sample size is restricted to 20 hotels, the insights 
obtained are still valid for this specific group and offer a valuable understanding of their 
operational dynamics. It is acknowledged that representing the broader industry would 
require a larger sample in future studies. Thirdly, reliance on average sentiment scores 
may oversimplify the complexity of guest experiences and overlook nuanced feedback. 
Future research could address these limitations by conducting qualitative studies to gain 
deeper insights and performing comparative analyses across different regions, 
generations or cultures (Antonio et al., 2018; Israeli et al., 2019). Finally, future studies 
could leverage these insights to investigate the aspects where smart hotels outperform, 
such as room and sleep quality and location, to guide technological advancements that 
align with guest preferences, which could be pivotal in developing strategies for smart 
hotels to personalize guest experiences while maintaining the human touch that appears to 
be a significant factor in guest satisfaction.
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