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A B S T R A C T   

Big data contain a vast amount of information which is valuable for researchers and decision-makers both in 
normal and crisis situations. This bibliometric study aims to present the progress, theoretical foundations, and 
intellectual structure of big data analytics in the hospitality and tourism research domain. Literature records 
were collected via the Web of Science and screened to maximize relevance. The overall literature dataset 
included 1184 papers, comprising both review and empirical articles. From this dataset, 47 publications related 
to the COVID-19 pandemic were identified and formed a sub-dataset to capture the specific research focuses 
during the crisis. The research themes and their evolutionary paths were identified by keyword clustering and 
keyword Time Zone analysis. Co-citation analysis was implemented to visualize the intellectual structure. Based 
on the systematic review, this study proposes future research directions.   

1. Introduction 

With ongoing technological progress, a vast amount of big data has 
been generated and stored, bringing revolutionary changes to both the 
academia and the industries (Li et al., 2018; Li and Law, 2020; Mariani 
et al., 2018). While traditional data are more likely to contain a repre-
sentative sample, big data adoption virtually allows capturing charac-
teristics of the entire population under inspection (George et al., 2016; 
Mariani et al., 2018). Thus, properly organized, analyzed and/or 
incorporated with other data types, big data can facilitate a 
decision-making process with more information, adding value for 
decision-makers (Verhoef et al., 2016). Such advantages prompt the 
adoption of big data analytics into diverse disciplines, including hospi-
tality and tourism. Big data’s valuable properties also make it a 
dependable tool in crisis situations when data collected via traditional 
methods such as official statistics remain inaccessible and data collected 
via small-scale surveys are unable to proxy real tourist behavior from the 
whole population under a real-life circumstance. Big data sources (such 
as bookings, reviews, transactions, and movements) can instead provide 
recovery-oriented policy implications with reliable real-life evidence of 
behavioral changes in a wide population. 

The superiority of big data has led to ample research on big data 
analytics in the hospitality and tourism context. It is thus important to 
capture the overall intellectual landscape by reviewing extant relevant 
literature. Despite that the impact of COVID-19 is fading away, a critical 
reflection on how big data analytics aided hospitality and tourism 
research amid a global pandemic may provide useful guidance for future 
research directions, especially when new exogenous shocks or crises 
occur. As Yang et al. (2016) emphasized, emerging trends and devel-
opment patterns in a research area can be identified intuitively by sci-
entometric analysis. This study, by systematically reviewing extant 
literature and adopting scientometric methods, has four research aims: 
1) to shed light on the theoretical foundations of big data analytics 
research, especially in hospitality research domain; 2) to visualize the 
main themes and co-citation network of big data analytics in the hos-
pitality and tourism literature; 3) to illustrate how big data analytics 
aided hospitality and tourism research amid the COVID-19 crisis; and 4) 
to propose potential future research directions. 
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2. Literature review 

2.1. Conception and categorization of big data 

The past decade has witnessed a rapidly growing body of hospitality 
and tourism research that uses big data analytics. Although there is little 
agreement on how large data must be to fall into the scope of “big data”, 
to date, a feature-oriented representation of big data, such as the 5 V 
definition, is widely accepted by scholars such as Li et al. (2018), and 
Mariani (2019). The typology of big data employed by hospitality and 
tourism studies is another core of discussion. Lv et al. (2021) argue that 
big data used in hospitality and tourism studies can either be structured 
or unstructured. Structured data are those from professional databases 
(e.g., Wind and some library databases), government databases and 
enterprise databases. Li et al. (2018), by reviewing 165 journal articles 
published up to 2017, conclude that tourism studies have adopted three 
major big data types including user-generated content (UGC), device 
data and transaction data. These three big data types identified by Li 
et al. (2018) mostly fall in the scope of unstructured big data defined by 
Lv et al. (2021). 

2.2. Big data analytics in overall hospitality and tourism research 

Emerging trends underlying the adoption of three main big data 
types namely, UGC, transaction data and device data, and corresponding 
analytical techniques in hospitality and tourism studies will be pre-
sented hereafter. Firstly, compared with other data types, UGC data have 
been most widely adopted in hospitality and tourism research (Li et al., 
2018). Analytical methods associated with UGC are becoming more 
advanced and sophisticated. As shown in Fig. 1, studies using UGC data 
have departed from solely mining contents (i.e., Layer One) to more 
sophisticated analyses (i.e., Layer Two and Layer Three, and the 

combination of multiple layers), amalgamating values extracted from 
either textual or visual contents with numerical or geographical infor-
mation attached to the data, or integrating the UGC with other types of 
big data or multiple-sized data. 

On Layer One, content analysis is often utilized to mine information 
from unstructured text, photos, or videos. For textual data, topic 
modeling and sentiment analysis have been intensively adopted. User- 
generated visual contents have been increasingly used given techno-
logical advancements: more researchers such as Deng and Liu (2021) 
have used image recognition tools to identify visual information from 
photos. In contrast, although manual narrative analysis of online videos 
has been found, computer-aided video content analysis in this research 
domain remains rare. 

As indicated by Layer Two in Fig. 1, recent studies tend to use nu-
merical values derived from Layer One such as topic distributions (Park 
et al., 2021) and sentiment scores (Zhu et al., 2021) from textual data, 
and even the number of visual contents from online photo data (Li, 
Kwok, Xie, Liu and Ye, 2021) in different ways. The first type of research 
(i.e., Layer 2a) integrates mined contents with geographical information 
to track tourists’ movements or generate a sentiment map (Zhang et al., 
2021). Another bypass of studies (i.e., Layer 2b) integrates the mined 
content information with other numerical values such as hotel/-
restaurant classes, and hotel ratings. Statistical analyses have been 
conducted to explore the underlying patterns and identify potential 
between-group heterogeneities. 

On Layer Three, to explore causal relationships and identify de-
terminants, constructed indices from previous layers can be used as in-
puts for econometric modeling. Customer- and firm-generated big data 
in numerical forms such as online ratings, number of likes, the timeliness 
of business responses to consumer reviews (Kwok and Xie, 2016) and 
structured small-scale data are used together with textual or visual 
contents on the third layer. Li, Ye, Nicolau and Liu (2021), for instance, 

Fig. 1. Categorization of user-generated content data, analytical techniques, and research themes.  
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revealed the relationship between the photo content information (such 
as smiley faces) and online review lengths for hotels. Depending on 
research questions, while in some cases data mined from the UGC form 
independent variables to explain variables proxied by structured data 
such as tourist arrivals (e.g., Li, Hu and Li, 2020) and hotel performance 
(e.g., Xie et al., 2017), in other cases, the dependent variable – such as 
customer’s emotional responses (e.g., Li, Meng and Pan, 2020) – can 
come from the UGC data. 

Secondly, regarding operation/transaction data, web search data 
have been adopted in demand forecasting practices for tourism (Wen 
et al., 2021) and hotel industries (Wu et al., 2022). Mobile app visiting 
data (Wang et al., 2018), payment and credit card transaction data 
(Carvalho et al., 2022), and flight search and pick data (Gallego and 
Font, 2021) are other examples of operation data being used in recent 
hospitality and tourism studies. Analytical methods such as sensitivity 
analysis (Wang et al., 2018) and econometric modeling (Carvalho et al., 
2022) have been utilized. 

Thirdly, recent years have witnessed expansion in sources of device 
data such as bikeshare data (Buning and Lulla, 2021) as well as 
enrichment in research topics using device data such as informing 
tourists of potential geologic hazards on tourist routes (He et al., 2023) 
and revealing values of costal tourism (Kubo et al., 2020). While tourist 
tracking studies continuously use mobile roaming data from mobile 
network operators, more diverse follow-up analyses have been con-
ducted in recent studies such as between-group comparisons of visits 
(Altin et al., 2022) by different tourists. Due to limited accessibility, 
sensor-based device data remains the least-adopted type of big data. 

To address research questions from more comprehensive perspec-
tives, the mix of multi-source and multi-type big data appeared in recent 
studies. Pramana et al. (2022), for example, used statistical methods to 
analyze multi-type big data such as mobility data, search index and 
online reviews, holistically to showcase the impact of the COVID-19 
pandemic on the Indonesian tourism industry. Triangulation from 
different methods and data sources can enhance the reliability and 
credibility of a finding by alleviating the limitations of a single research 
design (Turner et al., 2017). The adoption of a comprehensive 
mixed-method approach is also emerging (e.g., Meek et al., 2021). 
Recent scholars started to triangulate the findings from secondary big 
data analytics by separate experimental studies carried out via online 
surveys, or vice versa (Pachucki et al., 2022). 

2.3. Big data analytics and theoretical fundaments in hospitality-specific 
research 

Table 1 presents data types, research themes, theoretical founda-
tions, and analytical techniques mentioned in an exclusive sample of 
hospitality studies. The selected studies are grouped based on the pri-
mary data type adopted. Overall, UGC data are used most often among 
all types of big data in hospitality studies. Among studies investigating 
customer satisfaction, which is one of the dominant research themes in 
hospitality UGC analytics, the two-factor theory is mostly used to 
incorporate satisfier and dissatisfier factors (Berezina et al., 2016). To 
study the impact of multisensory stimuli on customer satisfaction, re-
searchers have applied sensory cognitive theory, attribution theory, and 
perceptual symbol systems theory (e.g., Lee et al., 2019). Particular 
attention from hospitality field has been paid on the reliability and 
perceived helpfulness of online reviews (e.g., Kwok and Xie, 2016; Xu 
et al., 2020, Hu, 2020), due to their impacts on consumers’ evaluation of 
hotels and thus consumers’ purchase decisions. In this vein, psycho-
logical theories such as signal theory, the loss aversion property of 
prospect theory, uncertainty reduction theory, source credibility theory, 
and expectation-confirmation theory are often used to unravel consumer 
psychologies (Zhao et al., 2019; Lai et al., 2021; Kwok and Xie, 2016; Xu 
et al., 2020; Hu, 2020). Furthermore, in modeling hotel performance 
using user-generated information, Xie et al. (2017) focus on 
consumer-manager interactions, and reciprocity theory is thus used. Kim 

Table 1 
Summary of theoretical fundaments for big data research in hospitality.  

Main 
data 
type 

Research 
theme 

Example paper Theoretical 
fundament (s) 

Analytical 
technique (s) 

UGC     
Textual and numerical content    

• (Determinants of) 
customer 
experience/(dis) 
satisfaction/ 
sentiment 

Berezina et al. 
(2016) 

Herzberg’s two- 
factor theory 

Text analysis 

Lee et al. (2019) Sensory cognitive 
theory; attribution 
theory;  
perceptual symbol 
systems theory 

Text analysis, 
sentiment 
analysis, 
regression 
analysis 

Zhao et al. (2019) Signal theory Regression 
analysis 

Lai et al. (2021) Loss aversion 
property of 
prospect theory 

Sentiment 
analysis, 
threshold 
regression  

• Review 
helpfulness/ 
review reliability/ 
credibility 

Kwok and Xie 
(2016) 

Uncertainty 
reduction theory 

Regression 
analysis 

Xu et al. (2020) Risk aversion 
theory; source 
credibility theory 

Regression 
analysis 

Hu (2020) Expectation- 
Confirmation 
theory 

Topic modeling  

• Determinants of 
hotel 
performances/ 
ratings/prices 

Xie et al. (2017) Reciprocity theory Panel data 
regression with 
fixed effects 

Kim and Park 
(2017) 

Regulatory focus 
theory 

Hierarchical 
multiple 
regressions  

• Consumer revisit 
behavior 

Park et al. (2020) Theory of planned 
behavior 

Sentiment 
analysis  

• Employee’s 
perspectives 

Stamolampros 
et al. (2019)  Herzberg’s two- 

factor theory 

Topic modeling 

Visual content     

• Review 
helpfulness 

Li, Kwok et al. 
(2021) 

Media richness 
theory 

Object 
detection 
model, 
YOLOv3, 
regression 
analysis 

An et al. (2020) Negativity bias 
theory 

Manifested 
photo content, 
regression 
analysis  

• Heterogeneity 
underlying photo 
content 

Ren et al. (2021) Deep learning 
theory 

Deep learning 

Transaction/ 
Operation data     

• Demand 
forecasting 

Yang et al. (2022) Customer 
information 
processing theory; 
demand theory; 
utility theory; 
consumption 
behavior theory 

Mixed data 
sampling 
(MIDAS) 
models  

• Determinants of 
hotel 
performances/ 
ratings/prices 

Sánchez-Lozano 
et al. (2021) 

Walrasian theory 
of value 

Regression 
analysis with 
random effects  

• Revenue 
management 

Saito et al. (2019) Random utility 
theory 

Discrete choice 
model  

• Consumer online/ 
purchase 
behavior 

Cheng and 
Anderson (2021) 

Consumer 
purchase journey 
theory 

Latent-class, 
two-stage 
Logistic 
regression 
model 

Lee and Kim 
(2020) 

Gravity theory Machine 
learning: 

(continued on next page) 
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and Park (2017) employ regulatory focus theory to postulate why cus-
tomers evaluate online review ratings before making a purchase deci-
sion, while Park et al. (2020) use the theory of planned behavior to study 
guests’ revisit behavior. Stamolampros et al. (2019) build on the 
two-factor theory to investigate employees’ perspectives. One of the 
recent research interests in hospitality studies adopting UGC is the 
detection and extraction of specific topics, such as the implementation of 
sustainability practices (D’Acunto et al., 2023), corporate social re-
sponsibility (D’Acunto et al., 2020), privacy issues (D’Acunto et al., 
2021), service robots (Orea-Giner et al., 2022), and mechanical AI 
(Mariani and Borghi, 2021) evaluated by hotel guests. Customers’ con-
cerns regarding these specific themes extracted from their UGC, in many 
studies, were then used to explain consumer satisfaction or hotel per-
formance, often measured by positive WOM (D’Acunto et al., 2023) or 
online ratings (Orea-Giner et al., 2022). 

Although user-generated visual content is less commonly used in 
hospitality literature than other types of UGC, its great potential in 
enhancing consumers’ perceived review helpfulness has attracted 
scholars’ attention according to media richness theory (Li, Kwok et al., 
2021). An et al. (2020) further explain that guests who stayed at two-star 
hotels are more likely to share photos in negative reviews than those 
who stayed at higher class hotels, using negativity bias theory (Ito et al., 
1998). 

As transaction/operation data such as bookings and web visit data 
directly reflect consumption behavior or demand, relevant theories such 
as demand theory, random utility theory, consumption behavior theory, 
and Walrasian theory of value have been adopted in hospitality research 
(e.g., Yang et al., 2022; Sánchez-Lozano et al., 2021; Saito et al., 2019). 
Consumer purchase journey theory has also been utilized to explore 
consumers’ online web visiting behavior through transaction data 
analysis (Cheng and Anderson, 2021). A smaller group of hospitality 
researchers have adopted device data, such as mobile tracking data, to 
capture consumers’ overnight stay behavior. Nyns and Schmitz (2022) 
suggest using Clayton Christensen’s disruptive innovation theory in the 
adoption of Web 2.0 Internet technology in the accommodation sector. 

This study further develops an intellectual map of big data analytics 
in hospitality and tourism research, given the significant progress made 
in this area. This study extends previous scientometric works in this 
research direction from three perspectives. Firstly, this study broadens 
the coverage of both the time span and keywords used in the literature 
search. Secondly, while more search keywords help increase the 
coverage of the literature pool, they may also distort the relevancy of 
search outcomes. According to Mariani and Baggio (2021), certain big 
data studies in hospitality and tourism were conceptual in nature 
(Buhalis and Sinarta, 2019). To better address our research question, 
only empirical studies that applied big data analytics in hospitality and 
tourism contexts and relevant review articles were included. Thirdly, a 
COVID-19-related literature data subsample was investigated to identify 
the emerging topics during the crisis and provide guidance for future 
crisis management studies using big data analytics in the hospitality and 
tourism domain. 

3. Data and Methods 

Literature record data were retrieved from Web of Science, a well- 
recognized online literature database (Thelwall, 2008), by entering 
key terms that are relevant to big data analytics and hospitality and 
tourism, respectively. According to big data types proposed by Li et al. 
(2018), more terms related to big data can be included. As did Li and 
Law (2020), “social media” was also employed as one of the search key 
terms. Similarly, Lv, Shi and Gursoy (2021) included a specific data type 
(i.e., volume data) to supplement the generic big data term. We thus 
included more keywords related to big data types. In line with Mariani 
and Baggio (2021), “big data analytics” was also included to essentially 
help restrict the search results to the analytics of big data. Thus, in the 
spectrum of big-data-related topic key terms, we input “big data” OR 
“big data analy* ” OR “social media” OR “user-generated content* ” OR 
“device data” OR “transaction data” OR “search engine” OR “search 
query”. Meanwhile, regarding key terms related to hospitality and 
tourism, we recruited “tourism” OR “tourist* ” OR “hospitality” OR 
“hotel* ”. The asterisk denotes variable spellings. The two spectrums of 
keywords were connected by the logic word “AND” to retrieve the 
intersect of big data analytics and the hospitality and tourism research 
domain. Web of Science provides diverse literature indexes from which 
we focused on Science Citation Index Expanded, Social Science Citation 
Index, Arts & Humanities Citation Index, and Emerging Source Citation 
Index. Then, we extracted articles and review articles as two document 
types, and the publication language was restricted to English. Data 
searching was conducted in February 2022 using Web of Science. Pub-
lications from irrelevant research disciplines, such as urology and 
nephrology, were excluded from the dataset. This initially yielded 3224 
literature records. Articles not in English, not full-length, or retracted 
were also removed. After the initial round of filtering, a total of 3034 
publications remained for further screening. 

Each literature record was then manually screened to exclude irrel-
evant publication items. Only articles which genuinely adopted big data 
and corresponding analytics in tourism or hospitality contexts and 
relevant review articles passed the final screening condition. After the 
exclusion, the overall literature record dataset (named as “overall 
dataset” in the later analysis) included 1184 publications. Moreover, a 
total of 47 publications which paid attention to the COVID-19 pandemic 
were extracted and formed a second literature record, referred to as the 
“COVID-19-related dataset” in later analysis. The retrieved literature 
record dataset included a series of publication attributes namely, title of 
paper, year of publication, author(s), institution(s), journal of publica-
tion keywords, and abstracts. 

This study employed CiteSpace, one of the most commonly used 
scientometric analytical tools (Chen, 2006), to visualize the evolu-
tionary process of research themes in this area via Time Zone analysis. In 
addition, this study utilized VOSviewer to conduct co-authorship anal-
ysis (as presented by Figs. S1, S2 and S3 in the supplementary file) and 
co-citation analysis, as well as to visualize the clustering results of 
keywords. 

4. Results and Findings 

4.1. Descriptive statistics 

Fig. 2 shows the distribution of publication years for the 1184 pub-
lications and 25,268 citations in the overall dataset. A total of 47 pub-
lications with 221 citations were included in the COVID-19-related 
dataset. Distribution details are included in Tables S1 and S2 in the 
supplementary file for both datasets, respectively. Fig. 2 illustrates an 
exponential growth pattern in the number of publications on big data 
analytics in hospitality and tourism over time. The first study in the 
overall dataset was published in 2008. Prior to the end of 2016, only 119 
studies were identified, whereas more than half of the total articles were 
published from 2020 onwards, indicating a significant increase in 

Table 1 (continued ) 

Main 
data 
type 

Research 
theme 

Example paper Theoretical 
fundament (s) 

Analytical 
technique (s) 

UGC     
Textual and numerical content   

decision tree 
method 

Device data     

• Consumer 
overnight stays 
behavior 

Nyns and 
Schmitz (2022) 

Clayton 
Christensen’s 
disruptive 
innovation theory 

Statistical 
analysis; 
Regression 
analysis  
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research interest. The number of citations for the overall dataset fol-
lowed a similar trend to the number of publications. 

4.2. Co-citation network analysis 

In the co-citation network analysis (Van Eck and Waltman, 2010), 
the value that scholars place on each cited object is shown based on 
bibliographic coupling, which occurs when two studies cite a common 
third publication in their references. Figs. 3 and 4 display the networks 
and the strength of the connections for co-cited journals and documents, 
respectively. Due to space constraints, the co-citation analysis amongst 
authors is presented in Fig. S4 in the supplementary file. Each pair of 
journals/publications co-cited is connected by curved lines. 

For a clear visualization of the co-cited network of journals, we 
selected the top 161 most cited journals with a minimum citation fre-
quency of 50. They were grouped into four clusters as shown in Fig. 3. 
Tourism Management is the most influential journal in this research 
domain. The blue cluster incorporates journals that focus on tourism 
management, planning, and vacation marketing. Journals that are 
related to information technology also appear in the blue cluster. Journal 
of Travel Research, Annals of Tourism Research, Current Issues in Tourism, 
and Tourism Management Perspectives are the most frequently co-cited 
sources in the blue cluster. Journals in the green cluster mostly aim to 
develop certain technological systems for tourism management issues 
with respect to two subthemes: 1) geography, landscape, and urban 
planning; and 2) information and computer science. Journals in the 
yellow cluster mainly focus on economics applications, econometric 
modeling, and statistical analysis of big data sources. The most influ-
ential journals in this cluster include Tourism Economics, Journal of 
Econometrics, Econometrica, International Journal of Forecasting and 
Journal of Business and Economic Statistics. 

As psychographic information of individuals can be mined from big 

data, journals in the red cluster have focused on utilizing this property to 
provide managerial implications. The most influential journals included 
in the red cluster are mainly hospitality journals, namely International 
Journal of Hospitality Management, International Journal of Contemporary 
Hospitality Management, and Journal of Hospitality and Tourism Research; 
as well as generic business, marketing, and psychology journals, namely 
Journal of Business Research, Journal of Marketing, Journal of Interactive 
Marketing, Computers in Human Behavior and Psychology and Marketing. 
Overall, Fig. 3 suggests that this research area has attracted broad 
attention from not only the hospitality and tourism field, but also gen-
eral marketing, business, economics and econometrics, urban planning, 
geography, and information and technology fields. 

The co-citation network can be used to identify the seminal and the 
most influential literature in this research domain. As shown in Fig. 4, a 
total of 167 cited documents were grouped into four clusters. In the blue 
cluster, three publications – namely, Xiang et al. (2015), Xiang et al. 
(2017) and Guo et al. (2017) – are most influential. These three seminal 
hospitality-focused articles commonly adopted the textual analytics of 
online hotel reviews. While Xiang et al. (2015) and Guo et al. (2017) 
both examined the important relationship between hotel ratings and 
consumer experience, Xiang et al. (2017) was the first study to 
comparatively investigate the variations underlying information quality 
on three online review platforms, namely TripAdvisor, Expedia, and 
Yelp, using the hotel industry as an example. In the green cluster, most 
influential works are review articles which focus on the adoption of 
social media (Xiang and Gretzel, 2010; Zeng and Gerritsen, 2014), 
electronic word-of-mouth (Litvin et al., 2008), information technology 
(Buhalis and Law, 2008) and user-generated content (Lu and Step-
chenkova, 2015) in hospitality and tourism research. Ye et al. (2011), 
Sparks and Browning (2011) and Ye et al. (2009) represent the most 
frequently co-cited works in the red cluster. The objectives of these ar-
ticles overlapped in the adoption of user-generated online reviews 

Fig. 2. Distribution of publications and citations in the overall dataset from 2008 to 2021.  
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Fig. 3. Network visualization of co-cited journals in the overall dataset.  

Fig. 4. Network visualization of co-cited references in the overall dataset.  
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and/or managerial responses to study consumer booking behaviors or 
purchase intentions. The research foci of frequently co-cited documents 
located at the upper right corner of the yellow cluster, are mainly tourist 
flow tracking, tourist movement studies and tourism hot spot identifi-
cations that adopt the location data from GIS (García-Palomares et al., 
2015), geo-tagged photos (Vu et al., 2015) or other geo-tagged social 
media data (Chua et al., 2016). Meanwhile, the lower right corner of the 
yellow cluster exhibits another research branch which mainly adopted 
big data to aid forecasting performance. In this sub-cluster, Yang et al. 
(2014), Yang et al. (2015) and Pan et al. (2012) are the three most 
influential articles. 

4.3. Keyword clustering 

Fig. 5 represents keyword clustering of the overall dataset by 
grouping the keywords in publications’ titles, abstracts, and keywords 
into multiple themes according to their co-occurrence. Nodes with 
shared attributes were assigned to color-coded clusters so as to identify 
distinct conceptual subcategories and significant gaps (Zopiatis et al., 
2021). By merging keywords with the same meaning but different 
spellings and setting the minimum number of keyword occurrence to 15, 
a total of 124 keywords were recognized and clustered. As indicated by 
Fig. 5, four distinct clusters were identified. The clustering details are 
recorded in Table S3 in the supplementary file. 

The overall theme of the red cluster, reflected by the two dominant 
keywords, is the adoption of social media information in tourism 
research. Keywords in the upper right corner of red cluster form the first 
subtheme: tourists’ spatial movement patterns/behavior for tourism 
route design, destination planning, and so on. The spatial analysis/ 
mapping of tourism activities have been specifically constructed in 

heritage sites, nature-based sites, urban areas, protected areas, or a 
specific region such as Hong Kong. This subtheme uses data types like 
device data which mainly include GPS data and UGC data which contain 
location information such as location-tagged online texts or photos from 
Flickr or online check-in/registration data. Evaluation of tourists’ ex-
periences and destination images is the second subtheme in the red 
cluster, denoted by the keywords in the lower right corner. Tourists’ 
perceived image of a city, a place, or a specific form of tourism such as 
sustainable tourism is investigated by this branch of research using data 
from social media platforms such as Twitter and Instagram. Customer 
engagement, which is defined as “a customers’ personal connection to a 
brand as manifested in cognitive, affective, and behavioral actions 
outside the purchase situation” (So et al., 2014, p. 310), has become a 
core objective of relationship marketing within the hospitality and 
tourism context. This engagement can be seen in consumers’ contribu-
tions to a brand or firm through activities such as (electronic) 
word-of-mouth, recommendations and writing reviews. As such, moti-
vated by the great value of research, another subtheme formed by the 
keywords in the lower left corner of the red cluster, is customer 
engagement and communication on social media community, which 
was developed by analyzing social media text data. 

The second-largest keyword cluster, coded green, is focused on 
hospitality. This cluster provides useful information on hospitality 
scholars’ specific research focus. One of the most significant research 
topics in this group is the evaluation of customer (dis)satisfaction using 
text mining, topic modeling, or sentiment analysis via techniques such as 
machine learning. Service quality, considered a major determinant of 
customer satisfaction, has also attracted the attention of hospitality 
scholars (Nilashi et al., 2022). Investigating behavioral intention, 
including revisit intention, is another research topic that hospitality big 

Fig. 5. Co-occurrence of keywords in the overall dataset.  
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data analytics can contribute to. Market segmentation is another sub-
theme in the hospitality research domain. For instance, Ahani et al. 
(2019) developed a segmentation strategy for spa hotels by applying the 
machine learning method on online review and rating data. 

The blue cluster is closely connected to the green one, with 
hospitality-related keywords such as hotels, hotel performance, and 
hotel industry indicating the dominant research context in this research 
branch. Other frequently detected keywords in this cluster include word- 
of-mouth, online review, impact, performance, quality, sharing econ-
omy, response, TripAdvisor, and Airbnb. The exhibited keywords reflect 
the research themes, which are impact studies and performance analysis 
through the analysis of online hotel reviews and business responses from 
platforms in a sharing economy (Cheng et al., 2019), such as TripAdvisor 
and Airbnb. It is worth noting that not only are customers’ online re-
views valuable, but managerial responses are also a crucial source of 
textual data. For example, Sheng et al. (2019) examined the impact of 
online managerial responses on returning customers’ future satisfaction 
measured by hotel review ratings. Certain studies in this cluster also 
attempted to explore how users perceived the helpfulness of online re-
views or the credibility/trust of an online review regarding the hospi-
tality industry (Lee et al., 2021). The keyword “quality” may reflect 
research themes regarding either big data quality (Alaoui and Gahi, 
2019) or the quality of information on online review platforms (Xiang 

et al., 2017). 
The smallest collection of keywords is colored yellow. The research 

theme of this cluster includes tourism/hospitality demand forecasting 
(Huang and Hao, 2021; Sun et al., 2021), and tourism/hospitality de-
mand modeling (Liu et al., 2021). To improve forecasting accuracy, 
Google trend data, machine learning (Sun et al., 2019) and deep 
learning respectively appeared to be the big data source and that 
analytical technique that frequently appeared in this research subtheme. 
Lowering the minimum number of keyword occurrences to 10 reveals 
additional subthemes in the yellow cluster, with the most significant 
being the proposal and validation of personalized tourism attractions or 
a service recommender system (Meehan et al., 2016). 

4.4. Evolution and trend analysis 

The Time Zone analysis result, as obtained via CiteSpace, is shown in  
Fig. 6 to visualize the change of research foci across the pandemic. The 
Time Zone analysis of the overall dataset is included in Fig. S5 in the 
supplementary file due to space constraints. Studies published in 2019 
from the overall dataset were used to generate keywords for 2019 in 
Fig. 6 to showcase research themes in normalcy. In 2019, before the 
pandemic outbreak, general consumer-side keywords such as customer 
satisfaction, destination image, experience, and behavior (as well as 

Fig. 6. Evolution of keywords in the COVID-19-related dataset in contrast to keywords in 2019.  

Y. Cai et al.                                                                                                                                                                                                                                      



International Journal of Hospitality Management 117 (2024) 103633

9

keywords associated with data and method) were recognized from the 
overall dataset. 

The following three years (i.e., 2020–2022) in Fig. 6 exhibit the Time 
Zone analysis results solely for the COVID-19-related dataset. From the 
COVID-19-related articles published in 2020, the initial year of the 
pandemic outbreak, big data and pandemic-related keywords were 
frequently identified. In addition, as the pandemic outbreak profoundly 
distorted the global economy, studies have been conducted to capture 
the current situation/market state of the hospitality and tourism in-
dustry amid COVID-19. In this sense, online travel agencies (OTA) were 
used to retrieve hotel price data, and descriptive analyses of hotel prices 
were adopted by studies such as Wu et al. (2020) to showcase the 
fluctuations in hotel room rates amid the outbreak. 

Regarding the COVID-19-related studies published in 2021, the 
research emphasis was on crisis management and tourism recovery, with 
hospitality and tourism scholars having access to various types of big 
data associated with the pandemic. Analytics of textual data via natural 
language processing, machine learning and deep learning have allowed 
researchers to investigate the impact (Zhang et al., 2021) of the 
pandemic on public perception, sentiment, (dis)satisfaction towards an 
industry such as hospitality (Hu et al., 2021) and the aviation industry 
(Gallego and Font, 2021), a destination (Chen, 2021), or a specific ser-
vice type such as service robots (Zhang, 2021). Amid a major global 
health crisis, “risk perception” and “personality” became notable key-
words in 2021 in the COVID-19-specific studies. More data types, 
especially device data including sensor-based smartphone data 
(Mikhailov and Kashevnik, 2021) and operation data – namely, credit 
card transaction data (Donaire et al., 2021) and location-tagged user 
registration data (Zhang et al., 2021) – have been adopted in 2021 by 
COVID-19-related studies to capture tourists’ spatial-temporal move-
ment or emotion distribution patterns amid the pandemic. 

Amongst the COVID-19-related articles published in 2022, scholars 
sought to revive the market by implementing cluster analysis of public 
opinions (Zha et al., 2022) and exploring the impact of service quality on 
customer satisfaction (Nilashi et al., 2022). While the research theme of 
emotion and public sentiment amid negative events remained dominant, 
research contexts became more diverse in 2022. Given that the tourism 
industry was once under stringent COVID-related pressure in some 
destinations, alternative forms of tourism were sought by 
COVID-19-related studies published in 2022. For instance, Zhang et al. 
(2022) explored public sentiment towards virtual tourism to evaluate its 
supplementary effects on on-site tourism. Travel distance has become 
another concern. Public interests in local tourism were investigated as 
an alternative to international tourism (Lee and Leung, 2022). More-
over, while the real tourism activity was profoundly impacted by travel 
restrictions, big data sources such as search query and social media 
sentiments were available on a daily basis and carried rich information 
on people’s interest and future travel intention. High-frequency big data 
have thus been employed using mixed data sampling (MIDAS) models to 
aid demand forecasting in the pandemic era (Wu et al., 2022). 

In contrast to pre-pandemic research, COVID-19-related studies have 
focused more on comparisons across the pandemic to investigate the 
impacts of a major crisis. Thus, for analytical techniques, statistical 
analyses such as ANOVA and t-tests were adopted in COVID-related 
research to evaluate the statistical differences in destination images 
caused by the pandemic (Jia, 2021). Likewise, temporal (Gallego and 
Font, 2021) and spatial variations (Zhang et al., 2021) of sentiment 
scores were investigated in COVID-19-related studies to reflect the 
impact of the pandemic. Importance-performance analysis was imple-
mented in COVID-19-related studies to reveal consumers’ perceptions of 
hotel service attributes throughout the pandemic (Hu et al., 2021). 
Moreover, in terms of data types adopted, with actual tourism practices 
being impeded by worldwide travel restrictions, tourist tracking in a 
specific destination using device data was relatively scarcer in 
COVID-19-related studies. Finally, COVID-19-related studies were 
mostly policy-oriented for short-term industrial recovery, while research 

topics with regard to long-run industry development were largely set 
aside. 

5. Concluding remarks and future research directions 

In conclusion, this study discusses the up-to-date types of big data 
and analytical strategies used in the hospitality and tourism research 
domain, and summarizes the theoretical fundaments in extant big data 
analytics in hospitality research. Using co-citation analysis, keyword 
clustering, and keyword Time Zone analysis, this study presents the 
intellectual structures and themes of big data analytics in hospitality and 
tourism research under both normal and crisis circumstances. 

In general, the main themes summarized by the clustering results 
include: 1) tracking tourists’ movement patterns, and capturing spatial- 
temporal sentiment maps; 2) evaluating consumers’ psychographic as-
pects such as sentiments, experience, perceptions, attitudes, or satis-
factions towards hospitality and tourism products or services, and 
identifying the heterogeneity and/or determinants of the aforemen-
tioned psychographic aspects; 3) social media marketing themes, 
including customer engagement and consumer-business online 
communication; 4) evaluating performance and its determinants; 5) 
demand modeling and forecasting; 6) developing and empirically vali-
dating new methods and algorithms, such as personalized recommender 
systems for tourism attractions or routes; and 7) issues associated with 
managerial responses and their perceived helpfulness, trust, and the 
credibility of online reviews. During the COVID-19 pandemic, research 
foci have shifted towards tourists’ risk perceptions, the impact of 
exogenous shocks on hotel prices, changes in tourist perceptions/senti-
ments changes over a crisis period, and alternative tourism forms. 

With the analytical techniques of big data becoming more diversified 
and advanced, certain research themes proposed by Li et al. (2018) as 
future research directions have already become a reality in the most 
recent years. These include the utilization of online news data (Park 
et al., 2021) and photo content data (Li, Ye et al., 2021) and the use of a 
mixed-methods approach and multi-type data. Regarding the expansion 
of the research contexts proposed by Li et al. (2018), emergencies and 
tourism precautions have been extensively investigated in the last two 
years amid the COVID-19 pandemic. Based on the literature review and 
scientometric analysis, six future research directions are proposed 
hereafter. 

Firstly, with regards to hospitality-specific studies, consumers’ 
perception/evaluation/concerns towards a specific topic such as sus-
tainability practices, CSR, review helpfulness, and its influence on hotel 
performance/rating/prices emerged as an important theme. In this 
sense, consumer psychology theories are commonly adopted in this 
branch of studies. While extant research mostly collects and relies on the 
UGC on a specific time slice, future studies are encouraged to monitor 
the UGC longitudinally on a relatively large time span to explore 
changes in customer attitudes over time. For instance, whether hetero-
geneous individuals are transiting to sustainable consumption patterns 
can be investigated, and this is of great managerial importance for in-
dustrial practitioners to facilitate sustainable development. Moreover, 
hospitality studies using big data analytics are found dominated by 
micro-level consumer psychographic facets, firm-level hospitality per-
formance studies and demand forecasting practices. This is possibly 
because the major big data types used by hospitality research are UGC 
and transaction data which are mostly generated at the individual and 
firm levels. Whereas from a macro supply-side perspective, the appli-
cation of big data to facilitate industrial development still calls for 
further scholarship. For instance, regional inequality of destinations in 
terms of their hospitality and tourism industries’ resilience or vulnera-
bility to future crises and other risk factors is yet to be examined. 
Likewise, how big data analytics would contribute to the construction of 
a regional competitiveness index regarding hospitality and tourism in-
dustries remains rarely mentioned. Furthermore, the development of a 
dynamic, longitudinal, and multi-destinational industrial 
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competitiveness evaluation system can be facilitated on a macro scope. 
Secondly, as the progress in advancing big data analytical techniques 

and the processability of big data imposes major obstacles for re-
searchers in this domain (Lv et al., 2021), methodological advancement 
will continue to provide ample scope for future applications. For 
instance, with the continuous upgrades of visual recognition technolo-
gies, informative online photos and videos contents can be analyzed and 
used in a more sophisticated manner via statistical analysis, economet-
rics modeling or geographical visualization. Moreover, from journal 
co-citation and keyword clustering analysis, it is evident that tourism big 
data analytics are more frequently associated with geographical studies 
such as point of interest recommendation and tourists’ trajectory 
tracking. Whereas the adoption of device data analytics in hospitality 
research is still rare, probably due to the lack of relevant data, or the 
absence of relevant research topics. In this lens, hospitality researchers 
may consider the utilization of device data to aid industrial performance 
or strategic decisions such as hotel location choice, and consumer 
segmentations. 

Thirdly, due to the growing storage capacity which allows larger 
datasets to be captured, what is considered “big” today may not be big 
enough in the future. Amongst COVID-related literature dataset, the size 
of big data adopted varies from 1418 (Davras and Durgun, 2022) for 
TripAdvisor online review data to over 5 billion for Skyscanner flight 
search data (Gallego and Font, 2021). Given continuous growth in data 
storage and processing capacity, the size of big data should be carefully 
considered to present a more complete representation of the population. 

Fourthly, the great value underlying the concept of “real-time” de-
serves more scholarship (Ariyaluran Habeeb et al., 2019). Essentially, 
the accumulation of continually moving data from linked devices and 
sensors has made it critical to prompt anomalies-detection mechanisms 
and make policy decisions in real time. The real-time and dynamic 
property is especially important especially in a crisis circumstance 
where the exogenous environment is fluctuating. Despite that few 
studies have investigated the dynamics of consumers’ satisfaction in a 
crisis time (Kim et al., 2023), a real-time decision-making solution based 
on various big data sources is still crucial to aid agile and effective policy 
responses in both normalcy and crisis situations. 

Fifthly, experimental research, especially online experiment-based 
research, has been gaining increasing popularity given its superiority 
for causality inference. Nevertheless, laboratory/online experiments 
encounter limitations as many of them focus on behavioral intentions in 
a specific scenario rather than real behavioral outcomes in a generic 
setting. However, in many cases intentions do not necessarily translate 
into real behavior, and the external validity of online experiments needs 
to be verified. Big data, as a representation of real tourist behavior, 
provide a feasible solution to triangulate laboratory/online experiments, 
verify external validity, and thus generate more robust research findings 
and more reliable managerial implications. Experimental research 
triangulated by secondary online big data has thus become an emerging 
trend but is still rare. Future research may consider the usage of multiple 
sources and types of big data to complement online/laboratory experi-
mental research. 

Sixthly, other than traditional self-reported methods via experi-
ments, reflections of tourists’ behavior may also be collected via neuro- 
physiological sensors such as electroencephalography (EEG) (Li et al., 
2022). Hence, tourists’ attitudes towards a specific attribute can be 
simultaneously examined via secondary big data and EEG experiments 
to triangulate the results and thus provide more valid managerial 
implications. 

This research also exhibits some limitations and thus calls for future 
review works. Firstly, the findings of this study can be updated in future 
to capture the most recent dynamics in this research domain. Secondly, 
the coverage of publications included in this study can be expanded 
further by employing more online library databases or adding more 
keywords while searching for literature records. It will, however, chal-
lenge the accuracy of retrieved literature records, and extra efforts are 

thus required to carry out more intensive screening. Although the 
practice of manual screening can significantly reduce irrelevant items in 
retrieved literature database, it can be time-consuming and may not be a 
representative of full accuracy. In future scientometric research, more 
advanced automatic filtering processes can be developed to ensure ac-
curacy and improve filtering efficiency. 
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